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Abstract. Ground-based microwave radiometers (MWRs) are indispensable instruments for the continuous observation of 

atmospheric temperature and humidity profiles. The reliability of brightness temperature (TB) measurements and the accuracy 15 

of retrieved atmospheric profiles are fundamental to their effective use in both research and operational applications. In this 

study, we present a long-term dataset of multi-channel microwave brightness temperature observations and corresponding 

retrieved atmospheric profiles derived from the RPG-HATPRO MWR deployed at the Xianghe Integrated Observatory (XH) 

in Hebei Province, China, covering the period 2013–2022. Minute-level TB observations over the 10-year period were 

integrated with collocated infrared cloud detection data to establish a comprehensive dataset featuring a detailed weather-20 

related information. The quality of the observed TBs was carefully evaluated using a radiative transfer model. The results 

demonstrate excellent agreement between simulated and observed multi-channel TBs, with correlation coefficients typically 

exceeding 0.96 and mean biases within 1 K, confirming the stable and reliable performance of the XH MWR throughout the 

entire observation period. Based on the quality-controlled TBs, two retrieval schemes for atmospheric temperature and 

humidity profiles were developed using collocated radiosonde observations and ERA5 reanalysis data. For clear-sky conditions, 25 

an optimal estimation (OE)-based retrieval model was employed, whereas a deep neural network (DNN)-based model was 

designed for cloudy-sky retrievals. Validation against radiosonde measurements shows that both retrieval schemes achieved 

substantially improved accuracy up to 35 % for temperature and 25 % for humidity profiles by compared with the retrieval 

approach provided by the manufacturer. Combining the two retrieval models with the 10-year quality-controlled TB dataset, 

we constructed a comprehensive data record characterized by decadal-scale, high temporal resolution (1~10 min), and 30 

integrated MWR observations and profiles dataset (https://doi.org/10.5281/zenodo.20178914, Gong et al., 2025). The dataset 

captures changes in the frequency of surface-based inversion (SBI), from 6% in summer to 68% in winter. More frequent SBIs 

are associated with higher PM2.5 values, reaching > 60% of the most severe pollution events (>250 µg m⁻³). Those applications 

demonstrate the dataset’s value for boundary layer studies, climate trend analysis, and air quality forecasting. 
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1 Introduction 35 

The vertical distribution of atmospheric temperature and humidity is a key parameter for understanding the thermodynamic 

and dynamic processes of the atmosphere, particularly within the planetary boundary layer and the troposphere, where weather 

systems frequently occur and are strongly influenced by human activities. Traditionally, atmospheric temperature and humidity 

profiles are obtained through radiosonde measurements carried by weather balloons, which provide highly accurate and reliable 

data and are widely regarded as reference standards for validating other atmospheric profile products (He et al., 2019; Trent et 40 

al., 2023). However, the routine radiosonde launches, typically conducted twice daily, suffer from low temporal resolution and 

high operational cost, making them unsuitable for monitoring short-lived mesoscale weather systems. The ground-based 

microwave radiometer (MWR) is a passive remote sensing instrument that measures the atmospheric thermal emission affected 

by water vapor and oxygen molecules, allowing for the retrieval of temperature and humidity profiles, as well as the integrated 

water vapor (IWV) and liquid water path (LWP) along the line of sight (Turner et al., 2007; Xu, 2024). MWRs have become 45 

mature and robust instruments capable of unattended, all-weather operation, providing high temporal resolution (e.g., minute-

level) atmospheric profiles that greatly complement radiosonde observations (Löhnert and Maier, 2012) and offer valuable 

input for nowcasting and numerical weather prediction systems (Rüfenacht et al., 2021; Thomas et al., 2025). 

Compared with satellite-based retrievals, which are limited by surface heterogeneity and reduced sensitivity within the 

boundary layer, MWRs offer distinct advantages through their multi-frequency measurements and upward-looking perspective, 50 

enabling continuous and dynamic monitoring of boundary-layer meteorological variables (Cimini et al., 2020; Madhulatha et 

al., 2013). These observations have proven particularly useful for diagnosing the vertical structure of severe air pollution events 

and investigating the mechanisms of haze formation (Huang et al., 2013; Temimi et al., 2020; Zhang et al., 2024b). Moreover, 

MWRs are highly sensitive to variations in lower- and mid-tropospheric thermodynamic structures and are therefore widely 

applied in assessing atmospheric stability, cloud microphysical evolution, air pollution, and hazardous weather events (Cimini 55 

et al., 2015; Liu et al., 2025; Madhulatha et al., 2013; Zhou et al., 2024). 

In general, MWR observations provide Level 1 (LV1) data, which record the measured brightness temperature (TB) 

representing the intensity of atmospheric microwave radiation. Based on multi-channel TB observations, various atmospheric 

parameters—including temperature and humidity profiles, IWV, and LWP—can be retrieved to produce Level 2 (LV2) 

products. The accuracy of LV2 retrievals is inherently dependent on the quality of LV1 TB measurements; therefore, a rigorous 60 

assessment of LV1 data quality is an essential prerequisite for the reliable application of MWR observations (Zou et al., 2021). 

The radiative transfer model (RTM), which quantitatively describes the propagation of electromagnetic radiation through the 

atmosphere via the radiative transfer equation, serves as a physical link between observed and simulated radiances. RTMs are 

widely employed for evaluating the quality of both satellite-based and ground-based radiometric observations (De Angelis et 

al., 2017; Hou et al., 2019). Because RTMs are independent of instrument calibration and operational conditions, the simulated 65 

TBs they generate provide an objective and physically consistent benchmark for validating MWR LV1 observations (He et al., 
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2021; Navas-Guzmán et al., 2016). Once the reliability of the observed TBs is established, multi-channel retrieval algorithms 

can be applied to derive LV2 atmospheric parameters with improved confidence. 

Current MWR retrieval algorithms can generally be classified into two categories: statistical methods and physical methods. 

Statistical approaches, such as multivariate regression and neural network algorithms, rely on comprehensive profile datasets 70 

obtained from historical radiosondes or atmospheric models to establish empirical relationships between observed TBs and 

atmospheric parameters (Zhao et al., 2018; Zhu et al., 2022). These methods are computationally efficient and suitable for 

real-time applications but depend heavily on the completeness and representativeness of the training dataset, requiring regional 

adjustments for optimal performance. Physical retrieval methods, on the other hand, explicitly incorporate the radiative transfer 

equation and prior information of atmospheric state variables to estimate the most probable atmospheric profile using optimal 75 

estimation theory (Hewison, 2007; Maahn et al., 2020; Martinet et al., 2015). While less dependent on large training datasets, 

physical methods are computationally intensive, especially under cloudy or precipitating conditions, as the complex scattering 

effects of large hydrometeors introduce severe non-linearity and convergence difficulties in the radiative transfer modelling 

(Maahn et al., 2020). 

With the increasing deployment of MWRs, numerous studies have focused on data quality control and retrieval algorithm 80 

development. However, most efforts have concentrated on specific events or short-term datasets, typically employing a single 

retrieval model for all conditions, which limits their ability to account for the radiative characteristics under diverse weather 

situations. To address these limitations, this study proposes a condition-dependent retrieval strategy by combining physically 

based and data-driven approaches. Specifically, we utilize ten years (2013–2022) of TB observations from the RPG-HATPRO 

MWR (Rose et al., 2005) at the Xianghe Atmospheric Observatory operated by the Institute of Atmospheric Physics, Chinese 85 

Academy of Sciences ((hereafter referred to as XH). By integrating collocated infrared cloud detection data, we establish a 

multi-channel MWR TB dataset with a weather-related classification system. The data quality is further evaluated using an 

RTM combined with atmospheric temperature and humidity profiles from the ERA5 reanalysis dataset, and long-term 

variations in TBs under clear-sky and different cloud conditions are analyzed. Based on the quality-controlled multi-channel 

TBs and weather-related flags, together with radiosonde and ERA5 reanalysis profiles, two retrieval schemes are developed 90 

for different weather scenarios: an optimal estimation (OE) retrieval model for clear-sky conditions and a deep neural network 

(DNN) retrieval model for cloudy conditions. Both models are validated against radiosonde observations. Using these two 

schemes, the 10-year quality-controlled dataset is processed to generate retrieved temperature and humidity profiles, and the 

temporal evolution of near-surface thermodynamic structures over XH is analyzed. 

The structure of this paper is as follows: Section 1 presents the introduction and research background; Section 2 describes 95 

the observational instruments and datasets; Section 3 details the construction of the 10-year MWR TB dataset; Section 4 

introduces the retrieval models and their validation; and Section 5 summarizes the main findings. 
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2 Observation instruments and data 

An RPG-HATPRO (generation 3, G3) ground-based MWR is deployed at XH (39.75° N, 116.96° E, Fig. 1). The XH station 

is a comprehensive atmospheric observatory located in the North China Plain, situated approximately midway between the 100 

megacities of Beijing and Tianjin. The surrounding environment is predominantly characterized by a rapidly urbanizing 

suburban landscape. 

The MWR operates across 14 frequency channels. The first seven channels (22.24–31.40 GHz) are centered on the water 

vapor absorption line and are used to retrieve atmospheric humidity parameters, including absolute and relative humidity, IWV, 

and LWP. The remaining seven channels (51.26–58.00 GHz) are located around the oxygen absorption band and provide 105 

information on atmospheric temperature profiles. It is important to clarify the observation mode: while the RPG-HATPRO is 

capable of boundary layer scanning, the instrument at XH was primarily configured in zenith-pointing mode (90° elevation 

angle) to prioritize continuous, high-temporal-resolution profiling. Additionally, several auxiliary instruments are installed on 

the MWR, including a rain sensor, an infrared (IR) radiometer, and an automatic weather station (AWS). The rain sensor 

continuously records precipitation signals (Rainflag). In this dataset, the radiometer provides two narrow-band infrared 110 

brightness temperatures (IRTs), corresponding to the 10–11 μm and 11–12 μm channels. These IR measurements are mainly 

used to support cloud detection and provide auxiliary constraints for low-cloud cloud-base-height (CBH) estimation. The AWS 

monitors near-surface meteorological variables such as air temperature, pressure, and humidity, providing essential 

background information for atmospheric observations. 

The RPG system also includes a manufacturer-developed inversion module that produces standard RPG Level 2 (RPG-LV2) 115 

temperature and humidity profiles up to 10 km altitude (Bedoya-Velásquez et al., 2019). The standard RPG-LV2 product 

employs an irregularly spaced vertical grid consisting of 39 levels. It provides 25 dense layers below 2 km with vertical 

resolutions gradually increasing from 10 to 200 m, and 14 additional layers extending up to 10 km with coarser resolutions 

ranging from 200 m to 1000 m. To ensure long-term accuracy, the instrument undergoes absolute calibration using liquid 

nitrogen every six months, and the radome is cleaned with purified water approximately every three months to prevent 120 

contamination.  

In this study, we primarily used the multi-channel LV1 TB data recorded at second-level temporal resolution during 2013–

2022. For the released long-term TB product, the original 1-s observations were aggregated onto a 1-min time grid, with each 

1-min TB value calculated by averaging the quality-controlled 1-s observations within a ±5 s window around the nominal 

minute. Collocated CBHs and Rainflag were also used to identify cloudy and precipitating conditions. To assess the quality of 125 

these observed TBs, simulated TBs are generated via a radiative transfer model using the ERA5 reanalysis profiles as input. 

These hourly profiles from the European Centre for Medium-Range Weather Forecasts (ECMWF), provided at 0.25° × 0.25° 

spatial resolution (Hersbach et al., 2020), offer continuous atmospheric information necessary for assessing MWR performance. 

In contrast, atmospheric profiles from the Beijing radiosonde station (No. 54511, 39.81° N, 116.47° E) are used to construct 

the prior state required for the OE framework and also serve as the independent “ground truth” for validating the retrieval 130 
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profiles. Located in an urban environment approximately 50 km northwest of the XH site, this station provides twice-daily 

balloon soundings up to ~30 km (Lai et al., 2024). These high-precision soundings are essential for quantifying the biases and 

uncertainties of the retrieved temperature and humidity profiles. 

In addition, auxiliary observational datasets, specifically, ground-based PM2.5 (particulate matter with aerodynamic 

diameters ≤ 2.5 μm) concentration measurements from the same XH site during 2018-2019 are incorporated to investigate 135 

the potential influence of aerosol pollution on thermodynamic profiles (Xin et al., 2015).  

 

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 (54511; 39.81° N, 116.47° E), which provides routine radiosonde profiles for data validation. 140 

3 Construction of a 10-year ground-based MWR TB Dataset 

Ground-based MWRs retrieve atmospheric temperature and humidity profiles from multi-channel TB observations. 

Consequently, the accuracy of these retrieved profiles depends critically on the quality of the TB observations. When deployed 

outdoors for long-term monitoring, MWRs are influenced not only by varying meteorological conditions but also by occasional 
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instrumental anomalies, such as radio-frequency interference, power instability, or communication failures  (Fu and Tan, 2017; 145 

Zhu et al., 2022). Therefore, LV1 TB observations require rigorous quality control (QC) prior to their use in retrieval or 

analysis applications. 

3.1 Quality control and classification of TB observations 

For the multi-channel TB observations collected by the XH ground-based MWR, a comprehensive TB quality control and 

weather classification procedure was developed. The workflow includes outlier detection, precipitation screening, and clear-150 

sky and cloudy-sky identification, as illustrated in Fig. 2. 

 

 

Figure 2: Flowchart of TB quality control and weather identification and classification. 

3.1.1 Outlier detection 155 

Long-term TB observations are subjected to outlier detection. A quality identifier, denoted by the integer n₁, is assigned to 

each record (see Table 1). The judgment criterion is based on the mean (μ) and standard deviation (σ) of TB within each season: 

if the TB at time n, denoted TB(n), satisfies |TB(n) – μ| ≤ 3σ, the observation is considered valid; otherwise, it is flagged as 

anomalous. While this statistical 3σ threshold serves as an efficient gross error check, it has inherent limitations. Genuine 

extreme meteorological events may be flagged as outliers; however, such events typically involve precipitation and wet-160 

radome conditions, which inherently invalidate standard MWR profiling. Conversely, undetected minor erroneous data (e.g., 

small instrumental drifts) remaining within the 3σ range are systematically identified and eliminated in the subsequent 

consistency checks to prevent long-term biases. 

Because MWRs operate continuously in outdoor environments, the radome can accumulate dust, moisture, or other 

contaminants, which may degrade measurement sensitivity and accuracy. Regular cleaning of the radome with purified water 165 

under clear-sky conditions is necessary, but this procedure often induces temporary abnormal increases in TB, resembling 
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precipitation signals. Although an active blower/heater system is deployed, sub-zero winter temperatures can slow evaporation. 

Following cleaning, TB values generally return to normal within 1–2 hours, but this process can take  up to 4 hours in winter. 

Based on maintenance logs, TB observations recorded within 4 hours after radome cleaning are flagged as abnormal (n1 = 1 

in Table 1) to conservatively ensure data purity.  170 

Table 1. Multi-Identifier for TB observations and the meanings of its values 

Identifier Value Checking Condition Meaning 

n1 0 |TB(n) – μ| ≤ 3σ and not within cleaning window Normal 

 1 |TB(n) – μ| > 3σ or (|TB(n) – μ| ≤ 3σ and within 4 hours after cleaning) Abnormal 

n2 0 Rainflag = 0 No precipitation 

 1 Rainflag = 1 Precipitation 

 NaN n1 = 1 (branch terminated) Not applicable by design 

n3 0 σc ≤ a + b·IWV Clear-sky 

 1 σc > a + b·IWV Cloudy 

 NaN n1 = 1 or n2 = 1 (branch terminated) Not applicable by design 

n4 0 CBH<500m or CBH>8000 m  Clear-sky 

 1 500 m <CBH<8000m  Cloudy 

 NaN n1 = 1, or n2 = 1, or n3 = 1 (branch terminated) Not applicable by design 

nflag 0 n1=0, n2=0, n3=0, n4=0 Clear-sky 

 1 n1=0, n2=0, (n3=1 or n4=1) Cloudy 

 2 n1=0, n2=1 Precipitation 

 3 n1=1 Other/uncertain 

Note: NaN values in n2-n4 indicate branch-terminated checks and are not random missing data, while nflag contains no NaN values. 

3.1.2 Precipitation screening 

During precipitation events, residual water layers on the radome may cause large uncertainties in TB observations, directly 

affecting retrieval accuracy (Wei et al., 2021). Therefore, after removing anomalous values via the outlier detection, 175 

precipitation-related data are further screened. The LV1 TB data from the RPG-HATPRO MWR include a Rainflag provided 

by a collocated precipitation sensor, indicating precipitation conditions: Rainflag = 0 denotes no precipitation, and Rainflag = 

1 denotes precipitation. Accordingly, precipitation conditions are represented by identifier n₂, as defined in Table 1. 
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3.1.3 Cloudy-sky identification  

Two complementary methods were used to identify cloudy conditions. The first method exploits the high sensitivity of the 180 

31.4 GHz water vapor channel (CH7) to liquid water in clouds, analyzing TB fluctuations to detect cloud presence. The second 

approach incorporates CBH information derived from co-located infrared radiometer measurements to refine the classification 

of cloud and clear periods. 

a) Stability check for the 31.4 GHz channel 

Given that the high-frequency water vapor channel CH7 (31.4 GHz) is sensitive to liquid water in clouds, its observed TB 185 

exhibits noticeable fluctuations when clouds are present. Therefore, the variability of CH7 observations over a specific time 

period—quantified by the standard deviation within a given time window—can serve as a reference indicator for the presence 

of clouds during that period. 

Following the approach of Turner et al., (2007), this study uses a 30-minute time window to calculate the standard deviation 

of CH7 observed TB, denoted as σc. The stability of the 31.4 GHz channel is then assessed by comparing σc against a threshold 190 

defined as a + b·IWV, where IWV represents the total column water vapor, and the parameters are set as a = 0.15 K and b = 

0.06 K/cm. Based on this method for identifying cloudy conditions, the observed TB data are classified using the identifier n3: 

n3 = 0 for clear sky and n3 = 1 for cloudy sky.  

b)  CBH-based check  

To further improve cloud detection accuracy, the CH7-based method is complemented with CBH information obtained from 195 

a zenith-view IRT. It should be noted that the CBH is directly provided as a standard product by the RPG built-in software, 

which estimates the cloud base by correlating the IRT-measured sky temperature with the ambient temperature profile. The 

CBH value itself provides a physical constraint for identifying clear-sky periods. In this study, cases where the CBH value 

lower than 500 m or lager than 8000 m , indicating  no detectable cloud base are treated as clear-sky conditions (n4 = 0). 

Conversely, cases with CBH higher than approximately 6–8 km are typical cirrus altitudes, and 2-6 km are typical mid-level 200 

clouds, and lower than about 2 km is generally associated with low clouds, and all of them is classified as cloudy (n4 = 1). 

3.1.4 Comprehensive classification flag 

To facilitate the correct use of ground-based microwave radiometer observations, a comprehensive classification identifier, 

nflag, was established by integrating all the aforementioned classification flags. Its values and corresponding meanings are 

listed in Table 1, where “Other” indicates data with additional quality uncertainties and is not recommended for use. 205 

Thus, based on TB observations obtained from the ground-based microwave radiometer during 2013–2022, the raw data 

were first subjected to an initial quality screening to remove outliers. Weather conditions—including precipitation, clear sky, 

and cloudy sky—were then identified and classified using multiple criteria. The final result is a nearly ten-year, high-temporal-

resolution (~1 min) multichannel TB long-term dataset, providing a reliable foundation for analyzing observational TB 



9 

 

characteristics under different weather conditions, performing radiative simulations, and conducting atmospheric temperature 210 

and humidity profile retrievals. 

3.2 Evaluation of observed brightness temperature quality using a radiative transfer model 

Assessing the quality of MWR TBs using a radiative transfer model is a scientifically sound and efficient approach. By 

comparing the theoretical TB simulated from the radiative transfer model with the actual measurements, abnormal values and 

potential systematic biases in the observations can be effectively identified, thereby enabling a comprehensive evaluation of 215 

the observation quality and instrument performance (De Angelis et al., 2017). 

Typically, only clear-sky samples are selected for such simulations, as the atmospheric state under clear-sky conditions is 

relatively stable and free from cloud and precipitation interference, thereby reducing model uncertainties. In this case, the 

radiative transfer process is primarily influenced by water vapor and oxygen absorption, resulting in the lowest simulation 

uncertainty. Therefore, if significant discrepancies still exist between the observed and simulated TB after removing the effects 220 

of precipitation and clouds, these differences likely indicate instrumental malfunctions, observational errors or bias from input 

data. 

Based on the TB dataset constructed in Section 3.1, which includes weather classification information, clear-sky TB data 

were selected and evaluated using a radiative transfer model. By systematically comparing the consistency between observed 

and simulated TB, a precise quality assessment of the MWR observations was achieved. 225 

3.2.1 Radiative transfer model and evaluation method 

To assess the quality of observed TB data, the MWRT (Microwave Radiative Transfer) model (Liu, 1998) was employed. 

MWRT is based on the four-stream discrete ordinate method to solve the radiative transfer equation, achieving high 

computational efficiency while maintaining good accuracy. Previous studies have demonstrated that MWRT outperforms other 

commonly used radiative transfer models in simulating ground-based MWR observations (Zou et al., 2021). 230 

To simulate MWR-observed TBs, MWRT requires input atmospheric profiles, including pressure, temperature, and 

humidity. As no local radiosonde data are available at XH and the nearest sounding station provides only two profiles per day 

(morning and evening), hourly ERA5 reanalysis data with a spatial resolution of 0.25° were used to provide the atmospheric 

state fields. The quality of MWR TB observations was then quantitatively assessed by comparing simulated and measured TBs 

using three statistical indicators: mean bias (MB), correlation coefficient (R), and standard deviation (STD). These metrics 235 

respectively characterize bias, correlation, and dispersion, thereby providing a comprehensive evaluation of observation 

accuracy and reliability. 

3.2.2 Quality assessment of observed brightness temperature 

Given the accuracy of radiative transfer simulations under clear-sky conditions, the TBs observed by the ground-based 

microwave radiometer are expected to be consistent with simulated TBs. In the comparison study, a spatiotemporal 240 
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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 3σ criterion based on the Root Mean Square Error (RMSE). 

Figure 3 presents scatter plots comparing observed and simulated TBs under clear-sky conditions during 2013-2022. 

Statistics from ~28,000 matched samples show that R values between simulated and observed TBs are close to 1.0 for most 245 

channels, with data points concentrated along the 1:1 line, indicating strong agreement. This result confirms both the physical 

reliability of the observed TBs and the long-term stability of the MWR instrument. Among the O2 channels, the low-frequency 

oxygen channel at 51.26 GHz (CH8) shows a slightly lower correlation (~0.98) and the largest mean bias (~1.51K), which can 

be attributed to its sensitivity to lower- and mid-tropospheric water vapor as well as residual uncertainties in oxygen absorption 

parameterizations within radiative transfer models (Zou et al., 2021). 250 

 

 

Figure 3: Scatter plots of multi-channel observed and simulated TB during 2013-2022.  

To systematically evaluate the long-term performance of the ground-based MWR, statistical analyses of R, MB, and STD 

were conducted for multi-channel observed and simulated TBs over the 10-year period (2013–2022). As shown in Fig. 4, 255 

except for 2013—when limited observation samples slightly reduced correlations in the water vapor channels—the correlation 

coefficients for all channels remain highly consistent across the remaining years. The water vapor channels (CH1–CH7) and 

temperature channels (CH10–CH14) both show R > 0.98, indicating excellent consistency between simulated and observed 
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TBs. For the low-frequency oxygen channels (CH8 and CH9), correlation coefficients are slightly reduced, consistent with the 

results in Fig. 3, likely due to channel sensitivity to water vapor and limitations in the radiative transfer model. In terms of MB, 260 

except for 2013, the water vapor channels show a decreasing MB with increasing frequency. The largest MB is observed for 

CH8 (51.26 GHz), while the high-frequency oxygen channels (CH10–CH14) remain relatively stable. For STD, CH1 shows 

the largest values among the water vapor channels, which decrease progressively with frequency, whereas the high-frequency 

oxygen channels (CH10–CH14) maintain small and stable STD values. 

Overall, the 2013–2022 evaluation of the MWR TBs using MWRT simulations confirms the instrument’s long-term stability 265 

and the reliability of its measurements. Based on this foundation, a multi-parameter dataset was constructed by integrating the 

quality-controlled, weather-classified, minute-resolution, multi-channel TB observations with corresponding IRTs, and 

manufacturer-provided CBHs, IWV and LWP. It should be noted that CBHs, IWV and LWP are standard products retrieved 

by the instrument’s built-in software. No additional LWP offset correction was performed. 

 270 

Figure 4: Ten-year (2013-2022) polar summary of the agreement between observed and ERA5-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 

3.3 Retrieval and evaluation of atmospheric temperature and humidity profiles 275 

Based on the dataset constructed in Section 3.1, together with radiosonde and ERA5 reanalysis data providing vertical 

atmospheric information, retrieval algorithms for atmospheric temperature and humidity profiles were developed under 

different weather conditions. For these retrievals, we defined a customized, irregularly spaced vertical grid of 35 layers. While 
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this configuration generally follows the standard 39-layer design of the RPG-LV2 product, we modified the near-surface levels 

(below 150 m) to a uniform 50 m resolution (i.e., 0, 50, 100, and 150 m) to suit our specific retrieval design. As discussed in 280 

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.  285 

3.3.1 Optimal Estimation (OE) method 

The OE method is grounded in Bayesian theory (Rodgers, 2000), which can be expressed as: 

𝑃(𝑥|𝑦) =
𝑃(𝑦|𝑥)𝑃(𝑥)

𝑃(𝑦)
 ,           (1) 

where 𝑃(𝑦 ∣ 𝑥) represents the likelihood function describing uncertainties in the measurement process and forward model, 

𝑃(𝑥) defines the prior probability distribution of the atmospheric state, and 𝑃(𝑦) is a normalization factor ensuring that the 290 

posterior probability integrates to one. The posterior probability 𝑃(𝑥 ∣ 𝑦) thus quantifies the likelihood of a given atmospheric 

state 𝑥 given the observation 𝑦. 

In this study, the prior dataset for the OE retrieval was constructed using radiosonde profiles from the Beijing station during 

2016–2019. The station, located approximately 50 km from XH, provides vertical profiles of atmospheric pressure, 

temperature, and humidity twice daily (around 08:00 and 20:00 local time). These radiosonde observations were used to 295 

construct the prior mean state and covariance matrix required in the OE framework and also serve as an independent reference 

for evaluating the retrieval accuracy. 

In the OE framework, a forward operator is required to simulate TBs from a given atmospheric state. For the clear-sky 

retrievals, we utilized the non-scattering microwave radiative transfer model (nonScatMWRadTran; Löhnert and Crewell, 

2003). Gas absorption follows Rosenkranz (1998), with updates to the 22.235 GHz water vapor line width (Liljegren et al., 300 

2005) and continuum absorption (Turner et al., 2009). Since liquid water scattering is negligible under clear-sky conditions 

(screened via strict LWP thresholds), this non-scattering assumption is physically appropriate. 

To evaluate the applicability of nonScatMWRadTran, we benchmarked it against the MWRT model (Liu, 1998), which has 

been previously validated against line-by-line simulations for XH observations (Zou et al., 2021), making it a highly reliable 

baseline. Using 212 collocated radiosonde profiles, the two models showed excellent agreement, with RMSEs below 0.12 K 305 

(R > 0.9999) for the O₂ channels (51–58 GHz) and below 1.5 K (R > 0.9992) for the WV channels (22–31 GHz).  

Because OE retrieval requires repeated forward-model evaluations for Jacobian estimation, computational efficiency is 

critical for long-term processing. Given the 34-element state vector, each OE iteration requires 2N + 1 forward-model 
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evaluations. Compared with MWRT, the in-process implementation of nonScatMWRadTran substantially reduces retrieval 

time while maintaining comparable simulation accuracy. 310 

To configure the OE retrieval setup, the state vector comprises atmospheric temperature and humidity profiles. To ensure 

structural consistency with the operational RPG-LV2 product and facilitate comparative analyses, the OE retrieval adopts the 

34-layer vertical grid (up to 10 km), resulting in a 68-element state vector including temperature and log10-transformed specific 

humidity profiles. Additionally, the surface meteorological observations (surface temperature and humidity) are incorporated 

as the bottom layer, yielding a final dataset with 35 vertical levels (the surface level plus the 34 retrieval layers). It is important 315 

to note that the passive nature of ground-based microwave radiometry dictates that the vertical information content is most 

abundant in the lower troposphere. Consequently, the retrieval sensitivity is highest within the boundary layer (0–2 km) and 

decreases with altitude (Fu et al., 2026). Furthermore, the total effective observation error covariance matrix (𝑆𝑒) 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 320 

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 𝑆𝑒) 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 (𝑆𝑎) was constructed separately for each season (DJF, MAM, 325 

JJA, and SON) using long-term statistics derived from collocated radiosonde observations during 2016–2019. 

3.3.2 Deep Neural Network (DNN) method 

DNNs have been widely applied in remote sensing retrievals. Common neural network architectures include the 

backpropagation (BP) network, convolutional neural network (CNN), and recurrent neural network (RNN) (Guo et al., 2021; 

Malmgren-Hansen et al., 2019; Zhao et al., 2018). Among these, the BP neural network is well suited for nonlinear regression 330 

problems, as it can approximate complex functions without explicitly constructing a physical forward model. While a standard 

BP network typically includes only a single hidden layer, a DNN extends this structure by stacking multiple hidden layers, 

enhancing feature extraction and nonlinear representation capabilities. 

A typical DNN consists of an input layer, multiple hidden layers, and an output layer. Each neuron in the input layer 

represents a feature (in this case, one microwave channel), and neurons in the hidden layers apply weighted transformations 335 

followed by nonlinear activation functions. The network is trained via forward and backward propagation, and regularization 

techniques such as Dropout are employed to prevent overfitting. 

In this study, a DNN-based retrieval model was developed for MWR profile retrieval (Fig. 5). The input comprises 14-

channel TBs, and the output corresponds to temperature and humidity profiles from 0–10 km. The training dataset was 

constructed using temporally matched actual MWR TB observations from 2019 and corresponding ERA5 temperature and 340 

humidity profiles as targets. Utilizing observed TBs rather than forward-simulated TBs allows the empirical model to 
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inherently account for real-world instrumental noise and site-specific measurement characteristics. Furthermore, restricting 

the training dataset to a single representative year (capturing a full seasonal cycle) was a deliberate strategy. It ensures that the 

subsequent application of this model to the remaining 9 years of the decadal dataset serves as a strictly independent temporal 

evaluation, thereby rigorously demonstrating the model’s true generalizability and the instrument's long-term stability. After 345 

removing missing values, all input features were normalized to ensure consistent data scaling. The dataset was randomly 

divided into training, validation, and test sets in a 6:2:2 ratio to maintain both randomness and reproducibility. The DNN 

architecture consists of three hidden layers, each using the LeakyReLU activation function and batch normalization to enhance 

nonlinearity and accelerate convergence. Dropout regularization was applied to each hidden layer to prevent overfitting, while 

a linear activation was used in the output layer for regression. The model was optimized using the mean squared error (MSE) 350 

loss function, with EarlyStopping and ReduceLROnPlateau strategies applied—training was terminated if no improvement 

was observed for 15 consecutive epochs, and the learning rate was halved if no improvement occurred for 5 epochs. 

 

Figure 5: Flowchart of DNN model construction. 
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3.3.3 Quality assessment of retrievals 355 

To quantitatively evaluate retrieval performance, radiosonde-measured temperature and humidity profiles from 2020 were 

used as the reference “truth.” Both the OE- and DNN-based retrievals, derived from 2020 MWR TB observations, were 

assessed against these independent profiles. Three statistical metrics were employed: MB, R, and STD. To further quantify 

improvements relative to the RPG-LV2 operational product, an accuracy improvement rate (Zhang et al., 2020) was introduced, 

calculated as: 360 

𝑘 =
(𝑠𝑚+𝑥̅𝑚)−(𝑠𝑟+𝑥̅𝑟)

(𝑠𝑚+𝑥̅𝑚)
 ,           (2) 

where 𝑘 is the accuracy improvement rate, 𝑥̄𝑚is the mean bias of the RPG-LV2 product, calculated as 𝑥̄𝑚 =
1

𝑛
∑ 𝑥𝑚𝑖

𝑛
𝑖=1 , and 

𝑥̄𝑟  is the mean bias of the new model retrieval, 𝑥̄𝑟 =
1

𝑛
∑ 𝑥𝑟𝑖

𝑛
𝑖=1 . The standard deviations are 

𝑠𝑚 = √
1

𝑛
∑ (𝑥𝑚𝑖 − 𝑥̄𝑚)2𝑛

𝑖=1
, 𝑠𝑟 = √

1

𝑛
∑ (𝑥𝑟𝑖 − 𝑥̄𝑟)2𝑛

𝑖=1
 ,       (3) 

where 𝑥𝑚𝑖 = 𝑋𝑚𝑖 − 𝑋𝑠𝑖, 𝑥𝑟𝑖 = 𝑋𝑟𝑖 − 𝑋𝑠𝑖; 𝑋𝑚𝑖  represents the RPG-LV2 product values, 𝑋𝑟𝑖represents the retrieval results from 365 

the new model, and 𝑋𝑠𝑖is the reference truth (radiosonde observation or ERA5 data). Here, 𝑛 is the sample size, with 𝑖 =

1,2,3, … , 𝑛. This evaluation framework enables a direct comparison of the two retrieval approaches (OE and DNN) against 

both the reference truth and the operational product, thereby quantifying the relative improvement achieved by the proposed 

methods. 

(1) Clear-sky retrieval results 370 

Under clear-sky conditions, multi-channel TB observations from the MWR were used to retrieve atmospheric temperature and 

humidity profiles using the OE method. To directly evaluate the retrieval performance, the OE-retrieved profiles are compared 

against radiosonde measurements, rather than relying solely on the manufacturer-provided product. Figure 6 presents a 

comparison of the RPG-LV2 product and the OE-retrieved profiles against radiosonde measurements in 2020, in terms of MB 

and RMSE. 375 

For temperature (Fig. 6a), the OE retrievals demonstrate consistently superior performance compared with the RPG-LV2 

product across the full 0–10 km layer. The mean bias of OE-retrieved temperature relative to radiosonde data ranges from –

0.83 K to 0.50 K, while the RMSE varies from 0.96 K to 3.56 K, increasing gradually with altitude and reaching its maximum 

at 10 km. For relative humidity (Fig. 6b), the OE retrievals also outperform the RPG-LV2 results across all altitudes, with 

mean biases between –6% and 6% and RMSE values ranging from 9% to 20%. These results indicate that the OE method 380 

provides physically consistent and robust retrievals under clear-sky conditions, where radiative transfer assumptions are well 

satisfied. 

Further statistical analyses were conducted to quantify the differences between the retrieved profiles and radiosonde 

measurements across different altitude ranges, as well as to evaluate the accuracy improvement of the OE retrieval relative to 
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the RPG-LV2 product (Table 2). Across all four altitude intervals ([0–2], [2–6], [6–10], and [0–10] km), the OE retrievals 385 

exhibit consistently higher accuracy. Over the full 0–10 km layer, the OE retrieval achieves a 35% improvement in temperature 

accuracy relative to RPG-LV2, with particularly notable gains of up to 40% within both the near-surface (0–2 km) and upper-

tropospheric (6–10 km) layers. For relative humidity, the OE retrieval achieves a 25% accuracy improvement over the full 

profile, with the highest enhancement (29%) observed near the surface (0–2 km). These results confirm the robustness of the 

OE method under clear-sky conditions and highlight its capability to effectively reduce systematic biases in both temperature 390 

and humidity retrievals. 

 

Figure 6: Vertical distributions of MB and RMSE for RPG-LV2 and OE retrieved temperature (a) and relative humidity (b) profiles 

compared with radiosonde profiles (RS) in 2020. Solid lines denote the median MB, dashed lines indicate the mean MB. The shaded regions 

represent the interquartile range (IQR, 25–75%) of difference, reflecting the estimated uncertainty at each level. A vertical dashed black line 395 
marks the zero-bias reference. 

Table 2. Statistics of MB, RMSE, and accuracy improvement rate 𝑘 (%) of temperature and relative humidity profiles retrieved by RPG-

LV2 and OE algorithms compared with radiosonde data across different altitude ranges. 

Height (km) Algorithms Temperature (K) Relative Humidity (%) 

  MB RMSE  𝑘 (%) MB RMSE 𝑘 (%) 

[0,2] RPG-LV2 -0.93 1.68 40 11.24 16.40 29 

OE -0.26 1.09 4.11 11.50 

[2,6] RPG-LV2 -0.70 1.88 20 6.94 16.63 18 

OE 0.16 1.66 -1.74 14.79 

[6,10] RPG-LV2 -2.30 3.19 42 13.31 22.87 26 

OE -0.13 2.50 -5.32 18.98 

[0,10] RPG-LV2 -1.02 1.91 35 10.25 17.20 25 

OE -0.12 1.41 1.36 13.30 
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(2) Cloud-sky retrieval results 400 

Similarly, under cloudy-sky conditions, multichannel MWR TBs at XH were used as input to the DNN-based retrieval model 

to obtain atmospheric temperature and humidity profiles. Given that cloud contamination violates the assumptions of 

traditional radiative transfer inversion, the DNN retrieval is directly evaluated against radiosonde observations to assess its 

capability under all-sky conditions. Figure 7 compares the DNN-retrieved profiles, RPG-LV2 product against radiosonde 

observations in 2020 in terms of MB and RMSE. 405 

The DNN-retrieved temperature profiles exhibit markedly reduced mean biases across the entire altitude range compared to 

the RPG-LV2 results, with the overall mean bias of 0.38 K. The corresponding RMSE is significantly lower, particularly 

within the near-surface layer (below 2 km) and the mid-to-upper troposphere (above 4 km), typically ranging between 1 K and 

3.5 K. For relative humidity, the DNN retrievals also outperform the RPG-LV2 product throughout the entire 0–10 km range. 

Although both MB and RMSE increase with altitude, the mean bias remains within ±5% below 6 km and reaches its maximum 410 

near 10 km. These results demonstrate that the DNN model effectively captures the nonlinear relationships between TB 

observations and atmospheric state variables. 

 

Figure 7: Same as Fig. 6, but for cloudy-sky conditions. 

Table 3 summarizes the MB and RMSE values of the DNN and RPG-LV2 retrievals relative to radiosonde profiles across 415 

different altitude ranges, along with the accuracy improvement rates of the DNN retrievals. Overall, the DNN model yields 

systematically lower MB and RMSE values than the RPG-LV2 product across all layers, indicating clear and consistent 

improvement. For temperature profiles, the DNN retrieval achieves an overall 39% increase in accuracy over the 0–10 km 

layer relative to RPG-LV2, with the most pronounced improvements of 41% in the near-surface layer (< 2 km) and 56% in the 

mid-to-upper layer (6–10 km). For humidity profiles, the DNN retrieval shows a 28% overall accuracy improvement, with the 420 

highest enhancement (30%) observed in the 0–6 km range. 
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Table 3. Statistics of MB, RMSE, and accuracy improvement rate k (%) of DNN and RPG-LV2 temperature and humidity profiles compared 

with radiosonde measurements across different altitude ranges. 

Height (km) Algorithms Temperature (K) Relative Humidity (%) 

  MB RMSE 𝑘 MB RMSE 𝑘 (%) 

[0,2] RPG-LV2 -0.96 1.67 41 4.85 13.72 29 

DNN 0.34 1.24 0.14 11.74 

[2,6] RPG-LV2 -0.88 1.95 28 8.15 19.85 31 

DNN 0.29 1.68 -1.95 16.79 

[6,10] RPG-LV2 -2.51 3.47 56 13.66 24.46 22 

DNN 0.72 1.92 8.04 21.54 

[0,10] RPG-LV2 -1.14 2.02 39 7.20 17.32 28 

DNN 0.38 1.48 0.51 14.84 

 425 

From an application perspective, the OE and DNN approaches are employed as complementary rather than competing 

methods. The physically based OE method performs optimally under clear-sky conditions where forward radiative transfer 

modelling is highly reliable. Conversely, the DNN model demonstrates enhanced robustness under cloudy conditions by 

implicitly capturing the complex, nonlinear relationships between TBs and atmospheric states. By applying each method under 

its respective optimal conditions, this condition-dependent strategy yields retrieval results that are consistently closer to 430 

independent radiosonde observations than the generic operational RPG-LV2 product across all sky conditions. 

4 Characteristics of the long-term and high-resolution MWR dataset 

The quality-controlled, minute-level multi-channel MWR TBs with weather classification flags were further matched with 

manufacturer’s IRT, CBHs, IWV and LWP data, forming a multi-parameter dataset spanning approximately 10 years with ~1 

min temporal resolution (Gong et al., 2025). Based on the 10-year TB dataset and the two validated retrieval models described 435 

in Section 3.3, atmospheric temperature and humidity profiles were derived from the XH MWR observations. To improve 

computational efficiency and meet operational requirements, the 1-minute TBs and corresponding retrievals were averaged to 

10-minute intervals. The final dataset thus provides continuous, quality-controlled MWR TBs (1-min) and derived atmospheric 

profiles (10-min) with enhanced retrieval accuracy, enabling systematic analyses of the temporal variability of both TBs and 

atmospheric profiles over the decade-long observation period. It should be noted that a post-retrieval quality check was applied 440 

to the derived profiles to ensure physical rationality, such as strictly bounding the relative humidity between 0% and 100%. 

 To ensure a meaningful interpretation of the decadal atmospheric characteristics, the statistical analyses in this section are 

categorized based on sky conditions and retrieval methods. Specifically, the seasonal diurnal variations and boundary layer 
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inversion analyses (Sections 4.2 and 4.3) utilize the merged high-resolution dataset (combining OE for clear-sky and DNN for 

cloudy-sky periods) to provide a continuous and comprehensive representation of the XH atmospheric state. 445 

4.1 Availability of observed brightness temperature 

To clearly reflect the availability of MWR TB samples before and after quality control, Table 4 summarizes the total number 

of samples from 2013–2022, as well as the number and proportion of samples remaining after QC. 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. It can be seen that data for 2013, 2014, and 2017 were relatively 450 

incomplete, primarily due to initial unfamiliarity with the instrument and delayed maintenance. Overall, except for 2017, the 

usable data rate of MWR TBs over the past decade was approximately 90%, indicating good operational stability of the 

instrument over long-term deployment. 

Table 4. Total number of observed TB samples, available samples after QC, and their proportions from 2013 to 2022 at XH. 

Year Total Samples Available samples after QC Remarks 

2013 69,730 66,182 (95%) Only April, June, July, and October 

2014 176,131 165,047 (94%) Only August–December 

2015 384,168 352,415 (92%)  

2016 311,926 288,028 (92%)  

2017 100,711 84,307 (84%) Only January–March and September–December 

2018 275,614 245,996 (89%)  

2019 329,943 294,954 (89%)  

2020 358,150 323,696 (90%)  

2021 433,120 394,139 (91%)  

2022 421,188 374,055 (89%)  

 455 

Figure 8 further illustrates the distribution of the comprehensive identifier nflag for ground-based MWR data at XH (0 = 

clear sky; 1 = cloudy; 2 = precipitation; 3 = uncertain samples). First, in 2013, half of the observations were concentrated in 

June and July, resulting in a noticeably lower frequency of clear-sky conditions compared to other years, while the proportions 

of cloudy and precipitation conditions were relatively higher, particularly the precipitation frequency, which was significantly 

above that of other years. This is primarily a sampling artifact; as noted in Table 4, the 2013 dataset was predominantly 460 

collected during June and July, which coincide with the peak of the East Asian Summer Monsoon (EASM), a period 

characterized by frequent convective activity and the highest rainfall of the year in North China. 
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Second, excluding 2013, the frequency of clear-sky occurrences at XH has shown a gradual decline in recent years, 

especially from 2018 to 2021, when the clear-sky frequency dropped to below 50%, with the corresponding frequency of 

cloudy conditions increasing to around 40%. This trend aligns with recent findings that summertime low-level cloud cover has 465 

significantly increased across China over the past two decades. Such an increase is closely associated with regional vegetation 

greening, which enhances surface evapotranspiration and provides local moisture supply for cloud formation (Zhang et al., 

2024a). The occurrence of precipitation, except for the anomalously high value in 2013, remained relatively stable in other 

years, generally around 5%. In addition, uncertain samples have been consistently controlled at about 10%, except in 2017, 

where it approached 20%, likely due to insufficient instrument maintenance or supervision. 470 

 

Figure 8: Distribution of the comprehensive identifier nflag (0: Clear-sky；1: Cloudy；2: Precipitation；3: uncertain) for ground-based 

MWR data at XH (2013–2022).  

4.2 Seasonal and diurnal evolutions of the atmospheric profiles 

The seasonal diurnal variations of temperature and relative humidity at XH during 2013–2022 reveal distinct vertical and 475 

temporal structures across the atmospheric column up to 4000 m, as illustrated in Fig. 9. The profiles used in this analysis are 

derived from the merged dataset, which incorporates OE retrievals for clear-sky periods and DNN retrievals for cloudy-sky 

periods to ensure a continuous and representative diurnal cycle. The upper panels depict temperature profiles, while the lower 

panels show relative humidity distributions, both averaged hourly in local standard time (LST, UTC+8). Temperature exhibits 

a pronounced diurnal cycle near the surface, with maximum values typically occurring in the late afternoon (around 14–16 480 

LST) and minimum values near sunrise (approximately 6 LST). This pattern reflects strong solar heating during daytime and 

radiative cooling at night. The surface warming is most intense in summer, when temperatures exceed 20 °C, whereas winter 

shows significantly lower surface temperatures and a more stable thermal stratification aloft. A clear lapse rate is observed 
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throughout the day, with the steepest near-surface gradients developing during daytime due to convective mixing and surface 

heat fluxes. In contrast, nighttime inversion layers form, especially during autumn and winter, indicating reduced turbulent 485 

exchange and enhanced stability. 

Relative humidity displays an inverse diurnal trend compared to temperature, peaking near sunrise and reaching its minimum 

in the afternoon. This behavior results from the combined effects of surface evaporation during the night and strong daytime 

mixing that dilutes moisture content. RH decreases rapidly with height, particularly in summer, consistent with deep convective 

boundary layer development and efficient vertical transport of dry air. During winter, RH profiles are more uniform vertically, 490 

with smaller gradients, reflecting weaker turbulence and limited surface moisture availability. Additionally, higher RH values 

persist near the surface during winter, likely due to reduced evaporation and stronger nocturnal radiation cooling. 

Figure 9: Seasonal diurnal variations of temperature and relative humidity at XH during 2013–2022. The statistics are based on the merged 

retrieval dataset (OE for clear-sky and DNN for cloudy-sky conditions). Upper panels show temperature profiles (°C) and lower panels show 495 
relative humidity profiles (%). Data are averaged by hour in local standard time (LST, UTC+8). Contour shading indicates the mean diurnal 

evolution at each vertical level, with height restricted to 0-4000 m. Colour bars at the bottom correspond to the respective variables. Seasonal 

panels are arranged from spring (March–May), summer (June–August), autumn (September–November) to winter (December–February). 

4.3 Distribution characteristics of temperature inversions in the atmospheric boundary layer 

With the availability of high-temporal-resolution (10-min) temperature and humidity profiles, various atmospheric boundary 500 

layer studies can be conducted — for instance, the identification and analysis of temperature inversions. Temperature 
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inversions include surface-based inversions (SBI) that occur near the ground, elevated inversions (EI) that form aloft, and 

occasionally multiple-layer inversions (Guo et al., 2020). In this study, inversion layers were automatically identified based 

on the vertical temperature gradient from the merged profile dataset (combining both clear-sky and cloudy-sky conditions). 

However, it must be acknowledged that MWR-derived temperature profiles possess a relatively coarse vertical resolution 505 

compared to radiosonde soundings, as the vertical information content of MWR decreases with altitude. This inherent 

smoothing effect may limit the instrument’s ability to resolve very thin or sharp inversion layers. 

For each detected inversion, key characteristics such as inversion frequency, base and top height, and layer thickness were 

computed. For SBI, each occurrence was counted individually, whereas multiple EI layers within the same time step (Li et al., 

2019) were counted only once. The temperature difference across the inversion layer represents its strength, while the inversion 510 

intensity was further derived following Zhou et al., (2024) as the ratio of temperature difference to inversion thickness (°C 

m⁻¹).  

Figure 10 presents the monthly variations in (a) inversion frequency, (b) inversion depth, (c) inversion strength (ΔT), and 

(d) inversion top height for SBI and EI from 2013 to 2022, with error bars indicating one standard deviation. Both SBI and EI 

show distinct seasonal characteristics, with lower frequencies in spring and summer and higher frequencies in autumn and 515 

winter. The monthly variation of SBI frequency is more pronounced, reaching up to about 0.68 during autumn–winter and 

dropping to around 0.06 in summer, whereas EI remains relatively stable throughout the year with frequencies generally below 

0.2. The inversion depth of EI remains nearly constant at around 200 m across all months, while SBI exhibits a thicker layer 

in spring and summer, up to approximately 300 m, possibly due to enhanced near-surface turbulence and convective mixing 

under warmer conditions. Regarding inversion strength (ΔT), SBI shows the highest temperature difference in summer (up to 520 

0.9 °C), consistent with its greater depth, while winter SBI events also exhibit large temperature gradients, likely associated 

with strong nocturnal radiative cooling and pollutant accumulation near the surface. In terms of inversion intensity (ΔT/Depth), 

SBI exhibits stronger temperature gradients in winter, with peak values around 0.006 °C/m. The winter enhancement is likely 

linked to strong radiative cooling and pollutant accumulation near the surface. Notably, the standard deviation of inversion 

intensity also reaches its maximum during winter. This increased variability reflects the diverse meteorological conditions in 525 

North China during this season, characterized by the frequent alternation between stagnant, highly stable periods with intense 

nocturnal cooling and high-wind periods associated with strong cold air outbreaks that rapidly destabilize the boundary layer. 
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Figure 10: Monthly variations in (a) inversion frequency, (b) inversion depth, (c) temperature strength (ΔT), and (d) inversion intensity 

(ΔT/depth) for surface-based inversions (SBI) and elevated inversions (EI) from 2013 to 2022. The error bars denote one standard deviation.  530 

To investigate how atmospheric inversions influence air pollution, inversion characteristics were analyzed using ground-

based temperature profiles at XH during 2018–2019, combined with hourly PM2.5 observations. For each inversion record, the 

nearest hourly PM2.5 measurement was assigned by rounding the inversion time to the closest hour. Figure 11 summarizes 

inversion characteristics across six PM2.5 bins (0–35, 35–75, 75–115, 115–150, 150–250, and 250–500 µg m⁻³). 

As shown in Fig. 11a, the frequency of SBI increases with PM2.5, reaching a maximum under the most polluted conditions, 535 

reflecting the role of SBI in trapping pollutants near the surface. Elevated inversions (EI), in contrast, exhibit a moderate peak 

at intermediate PM2.5 levels (115–150 µg m⁻³) but decrease under the highest PM2.5 concentrations, indicating that EI 

contributes less to near-surface pollution accumulation during extreme pollution episodes. SBI depth gradually increases with 

PM2.5, whereas EI depth is generally larger but slightly decreases under severe pollution (Fig. 11b). Similarly, SBI temperature 

strength and inversion intensity increase with PM2.5 (Fig. 11c, d), highlighting stronger and more pronounced near-surface 540 

inversions that inhibit vertical mixing and favor pollutant accumulation. Conversely, EI exhibits relatively weaker ΔT and 

lower intensity, with a decline under extreme PM2.5 conditions, suggesting a limited impact on surface air quality. Overall, 
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these results indicate that the formation and strengthening of surface-based inversions directly enhance PM2.5 accumulation 

near the surface, while elevated inversions are less effective in influencing surface pollution.  

  545 

Figure 11: Statistics of inversion characteristics across different PM2.5 concentration bins at XH during 2018-2019. Panels show (a) inversion 

frequency, (b) inversion depth, (c) temperature strength (ΔT), and (d) inversion intensity (ΔT/depth) for surface-based inversions (SBI, blue) 

and elevated temperature inversion (EI, red). The specific number of inversion layers used for statistical analysis (NSBI and NEI) is indicated 

on the x-axis for each bin. Error bands indicate ±1 standard deviation.  

5 Data availability  550 

The data presented in this study are available here: https://doi.org/10.5281/zenodo.20178914 (Gong et al., 2025). This dataset 

consists of continuous ground-based MWR observations and corresponding retrieved atmospheric temperature and humidity 

profiles collected at the Xianghe site from 2013 to 2022. The quality-controlled and weather-classified brightness temperature 

dataset has a temporal resolution of 1 minute, covering all 14 radiometric channels of the MWR. Each record includes quality 

control flags and weather classification identifiers to ensure data reliability and facilitate condition-dependent analyses. Users 555 

should note that this shared dataset contains exclusively zenith-pointing observations (90° elevation). The atmospheric profiles 

extend from the surface to 10 km and were derived using a merged retrieval strategy: the physical OE method was applied for 

clear-sky conditions, while a DNN was utilized for cloudy-sky periods to ensure temporal continuity. To meet operational 

https://doi.org/10.5281/zenodo.17925499
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requirements, these profiles are provided at a 10-minute interval based on averaged TB data. The retrieved profiles extend 

from the surface up to 10 km, providing long-term, high-quality atmospheric structure information suitable for climatological 560 

analysis, model validation, and algorithm development. 

6 Conclusions 

Based on ground-based microwave radiometer (MWR) observations at XH from 2013 to 2022, a systematic study of brightness 

temperature (TB) quality control, classification, and evaluation was conducted, resulting in the construction of a long-term 

observational TB dataset. Using the observational TBs, radiosonde profiles, and ERA5 reanalysis data, two atmospheric 565 

temperature and humidity profile retrieval models were developed for clear-sky and cloudy-sky conditions: one based on the 

optimal estimation (OE) algorithm and the other on a deep neural network (DNN). The main conclusions are as follows: 

(1) Comparison between observed and simulated TBs from 2013 to 2022 shows that all channels exhibit correlation 

coefficients above 0.97, indicating good consistency. This demonstrates the reliability of the ten-year MWR observations and 

the stable performance of the instrument, providing a robust basis for constructing a long-term dataset. 570 

(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. Specifically, under 

clear-sky conditions, the OE method yields overall accuracy enhancements of 35% for temperature and 25% for relative 

humidity, with the most notable gains in the near-surface layer (< 2 km) reaching 40% and 29%, respectively. Under cloudy-575 

sky conditions, the DNN model successfully mitigates cloud-induced uncertainties, resulting in overall accuracy improvements 

of 39% for temperature and 28% for relative humidity. 

(3) The long-term, high-temporal-resolution (10-min) temperature and humidity profiles (2013–2022) capture pronounced 

diurnal cycles—surface temperatures peak at 14–16 LST (exceeding 20 °C in summer) and RH minima occur simultaneously, 

along with frequent surface-based inversions (SBI), whose frequency rises from ~0.06 in summer to ~0.68 in winter. Critically, 580 

SBI occurrence increases with PM2.5 levels, reaching >60% under severe pollution (>250 µg m⁻³), demonstrating the dataset’s 

value for boundary layer studies, climate trend analysis, and air quality forecasting. 
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