Response to Reviewer 2:

Reviewer #2: The dataset contains around 10 years of ground-based microwave
radiometer (MWR) observations at Xianghe Integrated Observatory in China. It
consists of calibrated zenith brightness temperatures (TBs) in the K- and V-band
channels, integrated water vapor (IWV), liquid water path (LWP) and a set of associated
flags with a one-minute resolution. It also contains retrieved temperature and relative
humidity profiles with a 10 minutes resolution computed using two different retrieval
methods.

The associated manuscript describes the methodology used to construct the dataset. It
details the quality control applied to the data, the retrieval processes and shows a
validation of the data quality. It finally shows some case studies that exemplify how the
data can be used. For the validation of their dataset, the authors compared the measured
TB against radiative transfer simulation from model data and used radiosonde data to
validate their retrieved temperature and humidity profiles. The authors also show some
comparisons of their retrieved profiles against the manufacturer products.

In general, such high temporal resolution and long-term ground-based MWR
observations are valuable and can provide interesting insights on the atmospheric
boundary layer and its evolution. As exemplified by the authors, these measurements
can be used in a variety of atmospheric studies (e.g. air quality, atmospheric trends, ...)
and they can serve as validation data, e.g. for numerical weather predictions (NWP).
The provided dataset is relatively easy to use but it does lack some documentation and
some of the variables are not well defined in the manuscript nor in the data repository.
The dataset and associated manuscript fits the scope of ESSD and my recommendation
would be to accept it for publication after addressing the specific comments below.
Reply: We would like to express our gratitude to the Reviewer for the careful review
and the encouraging overall assessment of our manuscript and dataset. We are glad that
the reviewer recognizes the potential of this decadal dataset for diverse atmospheric
and NWP validation studies. We have carefully considered your primary concern

regarding the dataset documentation. In response, we have thoroughly updated the data



repository, provided comprehensive variable definitions, and ensured that all metadata
meets the rigorous standards expected by ESSD data users. Please find our detailed

point-by-point responses to your specific comments below.

Dataset:

1. The dataset is lacking some documentation, especially in explaining what is
contained in the different files. Some of the variables are explained in the manuscript
but some are undefined (e.g. cflag, IRT1 vs IRT2, ...). Also the units are generally
missing from the dataset and should be specified for all the variables. Although most
are obvious, some are not, e.g. datetime (is this UTC or LST?) or the altitude (I guess
m.a.g.l. but this should be specified somewhere). Proper variable naming is missing in
the 2013-2022final merged RH.csv

Reply: We thank the reviewer for their careful examination. We fully agree and have
comprehensively updated the dataset documentation. We have added a README file
explaining the file contents. All variables (including cflag, IRT1, and IRT2) are now
clearly defined, and standard units have been assigned across all files. Specifically, we
have clarified that datetime is in UTC and altitude is in m a.g.l.. Additionally, we have
added the missing variable names to the header of the 2013-2022final merged RH.csv
file.

2. To address these points, the provided dataset would highly benefit from an additional
README file.

Reply: Done.

3.The origin of some quantities is unclear, e.g. LWP and IWV as they could in principle
be retrieved (from either methods) or directly taken from the manufacturers retrieved
values.

Reply: We thank the reviewer for pointing this out. To clarify, the Liquid Water Path
(LWP) and Integrated Water Vapor (IWV) provided in our dataset are directly taken

from the manufacturer’s retrieved values (RPG-LV2), rather than being retrieved from



our OEM or DNN methods. We acknowledge that this distinction was not clear in the
original text. Accordingly, we have explicitly stated the origin of these specific
integrated quantities in the revised manuscript (L265) and README file in the data

repository to avoid any future ambiguity.

4.The temperature and RH profiles should be flagged to identify which profile were
retrieved from OEM or from the DNN method in the dataset. Also, the fact that the
dataset is composed of merged profiles from two retrieval methods based on weather
conditions should be clearly stated in the data repository.

Reply: We appreciate this valuable recommendation. We have updated the dataset to
include specific flags that identify the retrieval method (OEM or DNN) used for each
profile. In addition, the main description in the data repository have been updated to
clearly clarify that the dataset consists of merged profiles from these two methods

depending on the weather conditions.

5.Uncertainty estimates should be provided in the dataset.

Reply: We thank the reviewer for raising this important point. We completely agree
that sample-specific uncertainty estimates are highly valuable. However, there is a
fundamental methodological difference between the two algorithms used. While the
physical Optimal Estimation (OE) method natively calculates the posterior error
covariance to provide dynamic uncertainty for each individual retrieval, our standard
Deep Neural Network (DNN) model is a deterministic approach that does not inherently
generate sample-specific uncertainty estimates. Because the DNN cannot output per-
profile uncertainties, providing observation-level uncertainty in the final dataset is not
currently feasible. Instead, we have conducted a rigorous statistical evaluation against
independent observations to quantify the overall empirical uncertainty of the entire
dataset. These comprehensive overall uncertainty estimates (e.g., RMSE, bias) are

detailed in Table 2 and Table 3 of the manuscript.

6.Adding the meteorological parameters measured by the AWS could also be beneficial



for a potential user of this dataset.
Reply: Thank you for this valuable suggestion. We agree that including meteorological
parameters from the AWS can enhance the usability of the dataset for potential users.
In the revised work, we have incorporated the available AWS meteorological variables
into the data repository where quality-controlled observations exist. However, due to
intermittent data gaps and quality issues in certain periods, the AWS record is not fully
continuous throughout the entire dataset.

To ensure transparency and proper usage, we have documented the availability,
temporal coverage, and quality considerations of the AWS variables in the README
file of the data repository. This allows users to clearly understand the applicable periods

and limitations when using these auxiliary meteorological parameters.

7.Also, is there a reason why the vertical grid is irregularly spaced? This could be
specified somewhere in the manuscript, e.g. when giving more details on the retrieval
methods.

Reply: Done. We thank the reviewer for pointing this out. The irregularly spaced
vertical grid is fundamentally determined by the inherent characteristics of MWR
observations, where the vertical resolution naturally decreases with altitude. To
maintain comparability, our grid configuration generally aligns with the standard 39-
level design of the RPG-LV2 product. However, we made specific modifications in the
near-surface layer. While the standard RPG-LV2 product uses a denser and irregular
spacing below 150 m (i.e., 0, 10, 30, 50, 75, 100, 125, 150 m), we adopted a uniform
50 m resolution near the surface (i.e., 0, 50, 100, 150 m) based on our specific retrieval
requirements. This modification results in a total of 35 vertical levels instead of 39. Per
your constructive suggestion, we have added a detailed explanation of this vertical grid

configuration and its rationale to the retrieval methods section in the revised manuscript:

8.Although I don’t think it’s required from ESSD, sharing the retrieval code(s) could
be a great asset and of interest for the MWR community

Reply: Done. We have prepared and uploaded the core Python scripts for our retrieval



approach to the data repository.

Manuscript

Measurement site:

Please add a short description of the measurement sites in Section 2. Especially the type
of environment where it’s located and the distance to the other measurement (RS, which
is only mentioned in 1.266, or PM2.5).

Reply: We sincerely thank the reviewer for pointing this out. A clear description of the
measurement environment and spatial collocation is crucial for understanding the
representativeness of the dataset. In the revised manuscript (Section 2), we have added
a comprehensive description of the Xianghe (XH) site, detailing its suburban
environment and its geographical role in the North China Plain. Furthermore, we have
explicitly clarified the distances to the other measurements: The PM2.5 observations
are strictly co-located with the MWR at the XH site. The radiosonde station is located

in an urban environment approximately 50 km northwest of the XH site.
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Figure 1: Geographical locations of the observation sites in the Beijing-Tianjin-Hebei region. The red
star indicates the deployment site of the RPG-HATPRO ground-based microwave radiometer (MWR) at

XH (39.75° N, 116.96° E). The blue triangle denotes the Beijing National Basic Meteorological Station



(545115 39.81° N, 116.47° E), which provides routine radiosonde profiles for data validation.

Retrieval methods:

1.In general, the authors could add a bit more details on the retrieval methods used to
compute the thermo dynamic profiles. For the OE retrieval, you should state which
quantities were retrieved and add more information on the retrieval setup (e.g. noise
covariance matrix) and maybe state the altitude range where the retrievals can actually
be trusted and what vertical resolution can be expected. The uncertainty derived from
the OE could be added as well as this, together with the vertical resolution will greatly
impact any analysis conducted with this dataset.

Reply: We sincerely thank the reviewer for these insightful recommendations. We have
substantially expanded the methodological details of our OE retrieval in the revised
manuscript.

Specifically, we addressed the reviewer's points as follows:

(1) The OE method is mainly used for retrieving atmospheric temperature and
humidity profiles in 0-10 km under clear-sky conditions.

(2) Vertical Resolution: To ensure seamless compatibility with the operational
products and our DNN model, the OE retrieval adopted the identical vertical layering
scheme as the LV2 product (39 layers in total, with 25 dense layers below 2 km having
a resolution of 10-200 m, and coarser layers up to 10 km).

(2) Trusted Altitude Range: We explicitly stated that RPG-MWR profiling relies on
the distribution of weighting function for each channel, meaning the highest vertical
resolution and most reliable retrievals are concentrated in the lower boundary layer (0—
2 km), while the information content and resolution degrade significantly in the mid-
to-upper troposphere.

(3) Retrieval Setup: The total effective observation error covariance matrix (S,) is
constructed as a diagonal matrix, assuming uncorrelated observation errors among
channels. In this setup, the diagonal elements represent the total effective observation
variance, which comprehensively accounts for instrumental thermal noise, calibration

uncertainties, and forward-model errors. Based on the clear-sky observation-minus-



simulation (O-B) residual statistics and the quality assessment of TBs detailed in
Section 3.2.2, the prescribed observation error standard deviations (the square root of
the diagonal elements of S,) were specified as 2.0, 2.2, 1.8, 1.3, 1.4, 1.0, and 1.0 K for
the seven K-band water vapor channels (22.24-31.40 GHz), and 1.5, 1.7, 1.2, 0.8, 1.0,
1.0, and 1.0 K for the seven V-band oxygen channels (51.26-58.00 GHz), respectively.
In addition, the background error covariance matrix (S,) was constructed separately for
each season (DJF, MAM, JJA, and SON) using long-term statistics derived from
collocated radiosonde observations during 2016-2019.

(4) Handling of Uncertainty: We appreciate the suggestion to include the analytical
uncertainty derived from the OE posterior covariance matrix. Indeed, the theoretical
uncertainty of the retrieval for each layer of the temperature and humidity profiles can
be provided by the OE method. However, in this study, the product of this theoretical
uncertainty was not separately output; instead, an independent comparison with the true
values of radiosonde observations was adopted to quantitatively characterize the actual
uncertainty of the retrieval results. It can be seen from the error analysis of the
temperature and humidity profiles and the distribution of confidence shadow intervals
in Fig. 6 that the retrieval uncertainty range is narrow and the precision is higher within
the boundary layer below 2 km; as the height increases upward, the retrieval uncertainty

gradually increases significantly.

2.1t is unclear to me whether scanning observations were performed during the 10 year.
I think it is a key information to provide in the manuscript (and also whether they were
used in the retrieval) and if so, it should be either added to the dataset or specified that
only the zenith observations are shared.

Reply: We thank the reviewer for pointing out this critical omission. During the 10-
year operation at the XH site, the RPG-HATPRO MWR was primarily configured to
perform zenith observations (90° elevation angle) to provide continuous, high-
temporal-resolution((second-level) TB data. Then, a multi-angle boundary layer
scanning (BLS) mode was carried out every approximately 20 minutes, with a duration

of less than 2 minutes.



In this work, we mainly utilized the zenith observations for both the OE and DNN
retrievals. We have explicitly clarified in the revised manuscript (Section 2 and the Data
Availability statement) that the shared long-term TB dataset and the corresponding
derived profiles are based solely on zenith observations. The BLS data would provide
more valuable information for improving the currently retrieved profiles within 0-2 km

in the future.

3.The origin of the IWV and LWP values should be clearly indicated in the manuscript
and dataset as this could be taken either from the manufacturer or from the retrievals.

Reply: Done. The IWV and LWP values included in this dataset were directly obtained
from the manufacturer’s standard products. We have clarified the data source in the

revised manuscript (L265-266).

4.Did you perform any kind of quality check on the retrieved profiles?

Reply: Yes, we performed basic physical rationality checks on the retrieved profiles
prior to the final dataset integration. For instance, the retrieved RH was strictly
constrained within the physical bounds of 0% to 100%. Any profiles containing
unphysical outliers were excluded to ensure the reliability of the final dataset. We have

added a brief note about this in the revised manuscript (L437-438).

5.The justification on why this merged retrievals approach was chosen should be more
detailed as this remains quite vague for the reader, e.g. in Section 3.3.

Reply: We sincerely thank the reviewer for this constructive feedback. While the
theoretical rationale for combining physically based and data-driven methods was
introduced in the Introduction (Section 1), we fully agree that its specific application
and justification needed to be explicitly reiterated and detailed at the beginning of
Section 3.3 to guide the reader. In the revised manuscript, we have added an
introductory paragraph to Section 3.3 to explicitly link the theoretical concepts from
the Introduction to our methodological choices (L277-282):

“As discussed in Section 1, the justification for this condition-dependent strategy



is rooted in the varying physical complexities of microwave radiative transfer. Under
clear-sky conditions, the physically based OE method is preferred as it ensures high
thermodynamic consistency and avoids potential empirical overfitting. Conversely, for
cloudy-sky conditions, a data-driven DNN is utilized to handle the complex non-linear
scattering effects of clouds, which typically introduce significant uncertainties in

traditional forward models.”

Comparisons of thermodynamic profiles:

1.1t is an interesting approach to construct a the profile dataset out of 2 different retrieval
methods but it would be interesting to compare how these 2 methods compare to each
other. In fact, this comparison would allow the reader to judge whether the DNN is
actually performing better under cloudy scene and provide some justification for the
merged retrievals approach.

Reply: We thank the reviewer for this insightful comment. We completely agree that
an empirical comparison between the two methods under cloudy conditions would be
highly interesting. However, applying the OE method to cloudy scenes presents severe
theoretical and practical challenges, which is precisely the fundamental reason we
adopted this condition-dependent merged approach.

Theoretically, the accuracy of the physically-based OE method relies heavily on
the precision of the forward radiative transfer model. Under cloudy conditions,
microwave emission and scattering are highly sensitive to cloud microphysical
parameters, particularly the vertical profile of Liquid Water Content (LWC). Without
accurate a priori knowledge of LWC profiles (which are notoriously difficult to obtain
continuously from standard observations), the forward model introduces massive
uncertainties. Consequently, applying OE to cloudy scenes without precise cloud inputs
typically leads to poor convergence rates and highly erroneous thermodynamic profiles.
In contrast, the data-driven DNN effectively bypasses this explicit forward-modeling
bottleneck by statistically learning the complex, non-linear relationships directly from
large-scale historical datasets. Therefore, the decision to use DNN over OE in cloudy

conditions is driven by fundamental physical constraints and the lack of accurate cloud



prior information, making a direct, fair empirical comparison unfeasible.
For the two methods themselves, we can make further comparisons for the retrieved

profiles using both OE and DNN method under clear-sky conditions in the future.

2.1 disagree with the 2 last sentences of Section 3 (line 353 to 356). We lack information
on the manufacturer retrieval and it’s likely that they are also using some kind of Neural
Network approach. So the difference could be explained by the training dataset used as
much as in the method. Also, the reader can not appreciate the last sentences as no
comparisons are shown between the OE and the DNN approach, especially not under
different sky conditions. The same can be said of the (2) of the Conclusions (1.492).
Reply: We completely agree with the reviewer’s perceptive comments. We
acknowledge that without detailed access to the proprietary manufacturer LV2
algorithm (which likely also incorporates neural networks), attributing the performance
difference solely to the algorithmic architecture was speculative. The improvements
over the LV2 product are indeed largely driven by our localized, condition-dependent
strategy and the specific regional training datasets.

Accordingly, we have revised the end of Section 3.3 to remove the over-generalized
statements about algorithmic superiority. The revised text now objectively focuses on
the “application perspective” and the practical benefits of deploying OE and DNN
under their respective optimal conditions (clear vs. cloudy skies). Furthermore, as per
your suggestion, we have strictly aligned the corresponding statement in the
Conclusions (point 2) to reflect this application-oriented perspective, avoiding
unsupported comparisons:

“(2) A condition-dependent retrieval strategy is effectively implemented to
optimize profile accuracy across different weather conditions. By applying the
physically based OE method to clear-sky observations and the data-driven DNN model
to cloudy skies, the retrieved profiles achieve substantial improvements over the

generic operational LV2 product.”

Technical correction



1.1.28-29: change “MWR’s self-developed products” by something more meaningful,
e.g. “manufacturer’s retrieval”. Similarly, the term “LV2” should be replaced by
something more meaningful (e.g. manufacturer, RPG, ...) throughout the manuscript.

Reply: Done. We thank the reviewer for pointing out this ambiguity. We fully agree
that “self-developed” could be misleading to readers and that “LV2” is too generic
without specifying the source. In the revised manuscript, we have systematically
updated this terminology. We have performed a global search-and-replace for the term
“LV2”. It has been replaced with a more specific and meaningful term as “RPG-LV2

product”.

2.1.33: SBI acronym should be defined in the line above.

Reply: Done.

3.1.48: here you could also add a reference to Thomas et al. 2025

Reply: Done.

4.1.96: Specify which version of the HATPRO was used.
Reply: The instrument deployed at the XH station is an RPG-HATPRO Generation 3
(G3) microwave radiometer. We have explicitly specified this version information in

Section 2 of the revised manuscript.

5.1.126: maybe replace “electromagnetic” with “radio-frequency”?

Reply: Done.

6.1.135: can you maybe add a sentence justifying the “singular value check”? Were there
a lot of data removed with this check and was this due e.g. to a specific issue, e.g. the
radome wettening? Also maybe I’d rename this check as an “Outlier detection” step.
Reply: We appreciate the reviewer’s helpful comments. We have changed the term
“Singular value check” to “Outlier detection” throughout the text.

To justify this step, we have expanded the explanation in the revised manuscript.



This specific filter aims to identify isolated outliers (n1=1) based on the condition:
|TB(n) — p| > 30 or (JTB(n) — p| < 36 and within 4 hours after cleaning). It serves as a
crucial first-pass safeguard. The data removed by this check account for only a small
fraction of the dataset (approximately 10 %, Table 4). These specific outliers are
generally not caused by natural atmospheric variations, but rather by transient hardware
anomalies, unrecognized severe radome contamination, or artificial thermal instability

introduced during the instrument’s cleaning process.

7.Table 1: IRT threshold for the cloud checks should be specified and justified.
Reply: Sorry for our writing mistake. Actually, there is no IRT _threshold used here, for
n4, it is derived mainly from CBH values which is obtained from IRT measurements.

We have corrected the corresponding parts in Tablel and L195-198.

8.Table 1: for nflag=3, the checking conditions should probably be n1=1 OR n1=2 no?
Reply: We appreciate the reviewer pointing this out. We apologize for the confusion,
which was caused by a typo in the original manuscript. The outlier detection algorithm
is exclusively designed to filter out isolated anomalies, meaning the condition is strictly

nl=1. We have corrected Table 1 and deleted the incorrect n1=2 condition entirely.

9.1.200: probably the word “accuracy” and “efficiency” should be exchanged?
Reply: Done.

10.1.211: can you give more details on how the dataset was matched?
Reply: Done. We thank the reviewer for this suggestion. We have expanded the text to
explicitly in L237-240 describe the spatiotemporal matching process:

“In the comparison study, a spatiotemporal synchronization approach was applied.
Specifically, to match the 1-minute MWR observations with the hourly forward-
modeled TBs, the single 1-minute MWR measurement closest to the exact hour of the
simulation was selected. Subsequently, data pairs with anomalous deviations were

removed using the 3o criterion based on the Root Mean Square Error (RMSE).”



11.Figure 2: the colormap used in this figure does not comply to the journal guidelines,

please consider changing it.

Reply: Done.
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Figure 2: Scatter plots of multi-channel observed and simulated TB during 2013-2022.

12.Figure 3: the colormap design is somehow misleading as the zero bias is not centered
in the colorbar.

Reply: Done.

2013




Figure 3: Ten-year (2013-2022) polar summary of the agreement between observed and ERAS-
simulated brightness temperatures for all 14 channels. Each subplot shows one year, with the inner black
solid curve representing the R, the middle colour shaded ring indicating the mean bias, and the circle
marker sizes in the outer ring representing the standard deviation of differences. The bottom horizontal

colorbar denotes the bias scale, and the adjacent legend explains the marker sizes for standard deviation

13.1.305: for the reference truth, why is ERAS mentioned here? This is not used further
for the profile validation (only for TB simulation) or did I miss it?
Reply: We thank the reviewer for pointing this out and have deleted the mention of

ERAS in this sentence in the revised manuscript.

14.1.339: although the temperature bias is small, it does look like it exist from Fig. 6.

Reply: We appreciate the reviewer pointing this out. We agree that a small temperature
bias does exist. We have updated the manuscript to reflect this accurately. The revised
text specifies that the DNN-retrieved temperature profiles have an overall mean bias of

0.38 K.

15.Figure 6: could be worth to state in the legend that the profiles shown here are now
from the DNN retrievals, whereas Figure 5 showed the OE-retrieved profiles.

Reply: Done.
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Figure 4: Same as Fig. 6, but for cloudy-sky conditions.

16.1.373-374 and Table 4: how do you define the “available” sample here? Does this
refers to the good quality, unflagged data? Also do I understand correctly that the
percentage refers to proportion of available data out of the total sample. Could have
been interesting to have the proportion of available data out of the full year instead, the
numbers would have been lower but the information equally valuable.
Reply: We thank the reviewer for this insightful comment and for allowing us to clarify
this definition. Regarding the definition of “available” samples: it does not refer to
strictly unflagged data. In our dataset, valid meteorological conditions are inherently
flagged (nflag = 0 for clear-sky, 1 for cloudy, and 2 for rain). The “available” data refers
to all observation samples that successfully passed the quality control checks.
Specifically, it encompasses all data except those classified as nflag = 3 (which, as
discussed in our response to Comment #6, represents instrumental outliers such as
|TB(n) — 1| > 30 or (JTB(n) — p| < 30 and within 4 hours after cleaning).

Regarding the percentage calculation: yes, you understood correctly. The
percentage currently reported in Table 4 represents the proportion of these “available”
data out of the total recorded observations (the total sample collected by the instrument).
We agree with your perspective that reporting the availability relative to the full

theoretical calendar year would also be interesting and yield a lower number by



accounting for power outages or downtime. However, for the purpose of this table,
calculating the proportion based on the total recorded sample more directly reflects the
effective yield rate of our quality control and retrieval algorithm on the actual
measurements obtained.

To prevent any misinterpretation, we have added an explicit explanation in the
revised manuscript to clearly define both the "available" sample and the denominator
used for these percentages in 1L.445-447:

“Specifically, the remaining “available” sample encompasses all data not flagged
as instrumental errors (nflag # 3). The proportion indicates the ratio of these available

samples out of the total recorded observations.”

17.Figure 7: the red and pink colors are not so easy to distinguish on this figure

Reply: We sincerely thank the reviewer for pointing this out and for their attention to
the visual clarity of our figures. However, we have critically re-evaluated the long-term
trend analysis in Section 4.2. Because the missing data in certain years (as shown in
Table 4) could introduce uncertainties into the long-term trend estimation, we decided
to completely remove the trend analysis to ensure the utmost scientific rigor of the
manuscript. Consequently, this figure (the trend chart) has been entirely removed from

the revised version.



