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Abstract. Sparse and infrequent upper-air observations over the Three-River Source Region (TRSR) of the Tibetan Plateau 12 

(TP) severely limit the capability for extensive and continuous wind profile (WP) monitoring. A WP retrieval model was 13 

developed via ensemble learning (XGBoost+CatBoost), trained on TB data from 14 fixed-site ground-based microwave 14 

radiometers (GMWR) and WP radiosonde observations (Raob), and then applied to mobile GMWR observations over the 15 

TRSR. After strict QC of TB data, three distribution-alignment methods (Quantile Transformer, PCA Whitening, RankGauss) 16 

were used to mitigate the TB discrepancy between fixed and mobile GMWR. A nonlinear weighted regression loss function 17 

was introduced to reduce the central tendency effect in long-tailed wind-speed distributions. Retrieved WP from 14 18 

fixed-site GMWR test data agreed well with Raob (R = 0.96, RMSE = 2.24 m s⁻¹, MAE = 1.57 m s⁻¹). Retrieval errors in the 19 

600–700 hPa layer were lower at 08:00 BT than at 20:00, and smaller in lower-altitude regions. Mobile GMWR retrievals 20 

reproduced WP variability with mean biases below 2 m s⁻¹ relative to Raob, though errors increased for upper-level strong 21 

winds and at high altitudes; against Raob-corrected ERA5, the RMSE and MAE were 2.66 and 2.25 m s⁻¹, respectively. This 22 

study offers a novel pathway to optimize ground-based vertical remote sensing, enhance meteorological support for the 23 

low-altitude economy, and improve wind energy assessment and forecasting. 24 

1 Introduction 25 

Wind profiles are critical for both understanding boundary-layer dynamics, weather systems, and moisture/energy cycles, 26 

and for practical applications in aviation, wind energy, and severe weather monitoring (Van Zandt, 2000; Liu et al., 2020; 27 

Xia et al., 2024). The Three-River Source Region (TRSR) of the Tibetan Plateau (TP) has a mean elevation over 4,000 m 28 

and complex terrain, where wind fields are strongly influenced by plateau heating, mountain–valley circulations, and local 29 

turbulence (Yang et al., 2023; Li et al., 2021). As a key component of the "Asian Water Tower" and "Third Pole," the TP 30 

also strongly influences the East Asian monsoon, water cycle, and regional climate (Li et al., 2021; Kuang and Jiao, 2016). 31 
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Continuous wind profile monitoring is therefore important for understanding plateau atmospheric dynamics and improving 32 

weather forecasting and numerical modeling. Wind profiles are observed with radiosondes, wind profiler radars, Doppler 33 

wind lidars, and aircraft, among which radiosondes provide accurate vertical wind measurements but are limited by sparse 34 

coverage, low frequency, and balloon drift (WMO, 2021; Liu et al., 2025). Ground-based microwave radiometers (GMWR) 35 

provide continuous, all-weather brightness temperature observations at 22–30 and 51–59 GHz and retrieve high-temporal-36 

resolution atmospheric thermodynamic profiles, serving as an important complement to radiosondes (Hogg et al., 1983; 37 

Westwater, 1993). GMWR observations over the TP have been applied to land-surface processes (Su et al., 2020; Wen et al., 38 

2021), surface freeze–thaw (Xi et al., 2020), atmospheric thermodynamics and cloud water (Huang et al., 2001; Liu et al., 39 

2015; Xu et al., 2019), temperature inversions at Mount Qomolangma (Zhao et al., 2024), summer nonprecipitating cloud 40 

properties (Xu et al., 2024), and tropospheric thermal and moisture variations (Chen et al., 2024). Most previous studies rely 41 

on fixed-site GMWR observations with limited spatial coverage. Mobile GMWR on vehicles, ships, and aircraft have 42 

therefore been explored to extend atmospheric profiling over larger areas (Chen et al., 1996; Karan and Knupp, 2006; Wang 43 

et al., 2018; Walbröl et al., 2022; Lei et al., 2023). However, applications over the TP remain limited. Cheng et al. (2024) 44 

conducted the first Mobile Field Observation Campaign of Atmospheric Profiles (MFOCAP) over the TRSR during 17–31 45 

July 2021 and demonstrated the feasibility of continuous, high-spatiotemporal-resolution mobile observations with vehicle-46 

based GMWR over complex terrain.  47 

Beyond thermodynamic information, TB observations with GMWR also contain atmospheric dynamical signatures. 48 

Following the physical principles for satellite-based wind profile (WP) retrieval (Velden et al., 2005; Ma et al., 2021), 49 

several studies (Chen et al., 2024; Jiang et al., 2026) have developed AI-based methods for WP retrieval from GMWR 50 

observations, using ERA5 U/V winds and AI algorithms including LSTM, RNN, and MLP. The retrieval principle involves 51 

two components: K-band TBs capture water vapor mass motion, whereas V-band TBs exploit thermodynamic information 52 

for WP retrieval via the thermal wind relationship. Specifically, by combining the horizontal temperature distribution across 53 

multiple levels with the thermal wind relationship, the vertical shear of the geostrophic wind is derived layer by layer; the 54 

WP is then retrieved once the wind speed (WS) at a reference level is known (Velden et al., 2005). Machine learning can 55 

further capture nonlinear relationships between TB observations and WP. Neural networks have been used for ocean surface 56 

wind retrieval (Stogryn et al., 1994), four-dimensional wind retrieval from satellite radiances (Ma et al., 2021), and GMWR-57 

based WP retrieval with LSTM/RNN/MLP (Chen et al., 2024; Jiang et al., 2026). However, most previous studies used a 58 

single-model approach, which may be sensitive to model architecture and training data. Ensemble learning reduces 59 

individual-model bias while improving stability and generalization. It has been applied to numerical weather prediction error 60 

correction, WS forecasting, and remote-sensing retrieval (Zeng et al., 2024; Deng et al., 2025). XGBoost and CatBoost are 61 

particularly advantageous for small-to-medium datasets, combining nonlinear fitting with robustness to overfitting (Chen and 62 

Guestrin, 2016; Prokhorenkova et al., 2018). 63 

Previous GMWR WP retrieval over the TP relied mainly on ERA5 winds for model training (Chen et al., 2024), while 64 

ERA5 winds may be uncertain over complex terrain (Minola et al., 2024; Ou et al., 2023). Although radiosonde stations are 65 
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sparse and low frequency over the TP, they can provide reliable training data. Furthermore, previous studies neglected 66 

distribution differences between training and testing samples, as well as the central tendency of long-tailed wind-speed 67 

distributions. To address these limitations, TB observations from 14 fixed-site GMWR and mobile GMWR observations 68 

over the TP, together with concurrent Raob WP, were used to develop an XGBoost–CatBoost ensemble learning WP 69 

retrieval model. Distribution alignment and a wind-speed-weighted regression loss were introduced, and the effects of 70 

weather conditions, diurnal TB variations and station elevation were examined. The model was further applied to mobile 71 

GMWR observations to assess its applicability and generalization, offering a new pathway for continuous large-area WP 72 

retrieval and improved ground-based vertical remote sensing over the TP. 73 

Following this introduction, Section 2 describes the data used in this study. Section 3 details the data processing 74 

procedures. The wind profile retrieval approach is presented in Section 4. Section 5 evaluates the retrieval performance for 75 

fixed and mobile GMWR observations and discusses the factors affecting retrieval accuracy. Conclusions and discussion are 76 

given in Section 6. 77 

2. Data 78 

2.1 GMWR Observations over the TP 79 

TB observations from 14 fixed-site GMWR over the central-eastern TP and surrounding areas were used to construct the WP 80 

retrieval model. The sites span Qinghai, Tibet, and Sichuan, with elevations ranging from 342 m (Yibin) to 4533 m 81 

(Tuotuohe), and cover the plateau interior, marginal transition zones, and eastern hilly areas (Fig. 1). Site information is 82 

listed in Table 1. 83 

 84 
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Figure 1: Locations of the 14 fixed-site GMWR and the mobile GMWR observation route over the TP and its surrounding areas. 85 

Multiple GMWR models were deployed at the observation sites, providing continuous multichannel TB observations at 22–86 

58 GHz. Because of slight differences in channel center frequencies among GMWR, 12 common channels (22.240, 23.040, 87 

23.840, 26.240, 27.840, 51.260, 52.280, 53.860, 54.940, 56.660, 57.300, and 58.000 GHz) were selected as inputs for the 88 

WP retrieval model. The raw TB data were quality-controlled to remove missing and anomalous values, then collocated with 89 

WP observations from nearby radiosonde stations, yielding 14,020 valid samples for training, validation, and testing. 90 

 91 

Table 1: Basic information on the 14 fixed-site GMWR over the Tibetan Plateau and sample statistics before and after TB quality 92 

control. 93 

 Instrument 

model, 

manufacturer 

Region Station  
Elevation 

(m) 
Observation period 

Sample 

number 

before QC  

Sample 

number after 

QC 

TK001, Shanghai 

Leitan 

Technology Co., 

Ltd Qinghai 

Xining 2295 2024/8/23-2026/1/28 1040 696 

Yushu 3681 2024/9/12-2025/8/20 679 560 

Tuotuohe 4533 2025/10/25-2026/1/28 187 163 

MWP967KV, 

Xi’an Electronic 

Engineering 

Research 

Institute 

Mangya 2945 
2021/1/1-2021/12/31 

2023/5/1-2026/4/29 
2692 2541 

HTG4, Beijing 

Airda Electronic 

Equipment Co., 

Ltd. 

Tibet 

Lhasa 3649 2025/5/30-2026/1/1 423 363 

Changdu 3306 2023/1/1-2026/1/1 2161 1653 

Dingri 4300 2023/1/1-2026/1/1 2081 1870 

Linzhi 2991 2023/1/1-2026/1/1 2173 1529 

MWP967KV, 

Xi’an Electronic 

Engineering 

Research 

Institute 

Changdu 3306 2021/6/1-2021/8/31 118 61 

QOMS 4294 2021/6/1-2021/8/31 127 93 
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2.2 Mobile GMWR observations 94 

The mobile GMWR observations were obtained during MFOCAP over the TRSR, 17-31 July 2021 (Cheng et al., 2024). The 95 

mobile observation system was equipped with an MWP967KV GMWR (Xi’an Electronic Engineering Research Institute, 96 

China), which continuously measured multichannel TBs at 22–58 GHz with a 30 s sampling interval. To ensure consistency 97 

with the fixed-site GMWR inputs, the same TB channels were selected as retrieval model inputs. The observation route 98 

passed through Xining, Dari, and Yushu in southeastern Qinghai, with most sections above 3500 m (Fig. 1). 99 

2.3 Radiosonde observations 100 

Radiosonde observations are taken twice daily (08:00 and 20:00 BT), providing vertical profiles of WS, wind direction, air 101 

temperature, relative humidity, and air pressure. For the 14 fixed-site GMWR, concurrent Raob from nearby stations were 102 

used, and WS at 13 pressure levels (350, 400, 450, 500, 525, 550, 575, 600, 625, 650, 675, 700, and 750 hPa) were extracted 103 

as output labels for the WP retrieval model. 104 

Raob from Xining (2262 m a.s.l.), Dari (3968 m a.s.l.), and Yushu (3682 m a.s.l.) served as evaluation data for the 105 

mobile GMWR retrievals. The radiosonde WPs were collocated with the mobile observations in space and time, and data at 106 

the same 13 pressure levels were extracted, yielding 22 matched profiles. Given the limited number of Raob samples for 107 

evaluating the mobile GMWR retrievals, Raob-corrected ERA5 WPs were also used as independent evaluation data. A linear 108 

correction model, based on 186 Raob WPs (Xining, Dari, Yushu; 1–31 July 2021) matched with ERA5 data at nine pressure 109 

levels (350–750 hPa), was applied to correct the ERA5 WPs along the mobile route during MFOCAP. 110 

Naqu 4509 2021/6/1-2021/8/31 159 90 

SETS 3328 2021/6/1-2021/8/31 172 87 

YKW3, 

Shanghai Leitan 

Technology Co., 

Ltd 
Sichuan 

Ganzi 3394 2023/5/1-2026/4/14 2088 1578 

Hongyuan 3493 2023/5/1-2026/4/14 2096 1510 

YKW2, Beijing 

Airda Electronic 

Equipment Co., 

Ltd. 

Yibin 342 2023/8/16-2026/4/14 1832 1226 

Total 18028 14020 
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2.4 ERA5 Reanalysis data 111 

ERA5 reanalysis WP data from the European Centre for Medium-Range Weather Forecasts (ECMWF) were used for Xining, 112 

Dari, and Yushu during 1–31 July 2021, at 1-hour and 0.25° × 0.25° resolution. WPs at the same nine pressure levels as the 113 

Raob were extracted. Using the above-described ERA5 correction model, ERA5 data were matched to the mobile 114 

observations during MFOCAP by nearest grid point and time, and were subsequently corrected. A total of 204 WPs were 115 

available for evaluating the mobile GMWR retrieval accuracy. 116 

3. Data Processing 117 

3.1 TB QC 118 

To ensure TB data reliability, QC was applied separately to fixed-site and mobile GMWR observations. For the 14 fixed-site 119 

GMWR, precipitation-affected data removal, outlier detection, and temporal consistency checks were applied sequentially to 120 

reduce the effects of precipitation and instrumental anomalies. Mobile GMWR observations may also be affected by 121 

obstruction from tunnels, bridges, and other structures, vehicle speed, and antenna pointing deviations due to platform 122 

vibration and tilt. Observation logs and synchronized inertial navigation system (INS) data were therefore used to identify 123 

obstruction and vehicle-speed effects, and to correct antenna pointing. The detailed QC procedures are described below: 124 

(1) Removal of Precipitation-Affected Data 125 

During precipitation, increased atmospheric water vapor absorbs microwave radiation, causing signal attenuation and 126 

reducing the accuracy of TB measurements. Therefore, precipitation-affected observations were removed following Thomas 127 

et al. (2025): 128 

a. When 6-h accumulated precipitation ≥ 5 mm, observations within 30 min after the event were removed; 129 

b. When 6-h accumulated precipitation > 0 and < 5 mm, observations within 15 min after the event were removed. 130 

𝑅(𝑛) = {
[𝑇𝑒(𝑛), 𝑇𝑒(𝑛) + 30],              𝑃(𝑛) ≥ 5         

[𝑇𝑒(𝑛), 𝑇𝑒(𝑛) + 15],          0 < 𝑃(𝑛) < 5     
(1) 131 

where 𝑅(𝑛) is the removal time range for the 𝑛th observation; 𝑃(𝑛) is the 6-h accumulated precipitation; and  𝑇𝑒(𝑛) is the 132 

end time of the corresponding precipitation event. 133 

(2) Outlier removal  134 

a. Outlier Detection 135 

Outlier detection was based on the variability among four consecutive data points: a point was flagged if its difference from 136 

any of the next three points exceeded a threshold. Let 𝑇𝐵𝑖  be the TB at the 𝑖th point. Then: 137 

|𝑇𝐵𝑖 − 𝑇𝐵𝑖+𝑎| > 𝑐𝑜𝑛𝑠𝑡, 𝑎 ∈ {1,2,3} (2) 138 
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where 𝑇𝐵𝑖  and 𝑇𝐵𝑖+𝑎 are the TBs at the 𝑖th and (𝑖 + 𝑎)th data points, respectively. The thresholds, set to 8.0 K for K channels 139 

and 1.0 K for V channels, were determined by analyzing TB differences between adjacent data points during periods of good 140 

data quality and verified using typical anomalous samples. 141 

b. Temporal Consistency Check 142 

First, the k-sigma method was applied for preliminary QC of the observed TB. Let 𝑇𝐵(𝑛) denote the TB time series, and 143 

𝐽(𝑛) be a Boolean array indicating whether a data point was flagged as an outlier: 144 

𝐽(𝑛) = {
1, |𝑇𝐵(𝑛) − 𝜇| ≥ 𝑘𝜎

0, |𝑇𝐵(𝑛) − 𝜇| < 𝑘𝜎
(3) 145 

where 𝜇 and 𝜎 are the mean and standard deviation of 𝑇𝐵(𝑛), respectively, and 𝑘 is the threshold multiplier. Here, the 3-146 

sigma method was used, with 𝐽(𝑛) = 1 outliers and 𝐽(𝑛) = 0 for retained data. 147 

c. Obstacle Obstruction Check 148 

After 3-sigma screening, short- and long-term TB fluctuations were examined based on 3- and 13-point moving windows, 149 

respectively. 150 

𝑠𝑡𝑑(𝑥𝑖−1, 𝑥𝑖 , 𝑥𝑖+1)

𝜎
≥ 1.6 (4) 151 

𝑠𝑡𝑑(𝑥𝑖−6, 𝑥𝑖−5, ⋯ , 𝑥𝑖+6)

𝑠𝑡𝑑(𝑥𝑖−1, 𝑥𝑖 , 𝑥𝑖+1)
≤ 𝑐𝑜𝑛𝑠𝑡 (5) 152 

where 𝑠𝑡𝑑(𝑥𝑖−1, 𝑥𝑖 , 𝑥𝑖+1) is the standard deviation of three consecutive data points, 𝜎 is the standard deviation of the entire 153 

dataset, and 𝑠𝑡𝑑(𝑥𝑖−6, 𝑥𝑖−5, ⋯ , 𝑥𝑖+6) is the standard deviation of 13 consecutive data points. A point was flagged as an 154 

outlier when the short-term SD substantially exceeded the long-term SD, with thresholds of 0.8 and 0.5 for low- and high-155 

frequency channels, respectively, based on the statistical distribution under normal conditions. 156 

(3) Vehicle Speed Impact Check 157 

For mobile GMWR observations, vehicle speed is a key factor affecting TB accuracy. Because GMWR measurements 158 

require a finite integration time, vehicle speed directly influences the spatial representativeness and the degree of beam 159 

overlap between adjacent sampling points. Following Lei et al. (2023), a typical GMWR (~5° beamwidth, 10 km height) has 160 

a horizontal resolution of ~900 m, corresponding to ~108 km h⁻¹ at a 30 s sampling interval. Synchronized INS vehicle-161 

speed measurements during 17–31 July 2021 were therefore used to identify and remove abnormal TB observations. 162 

(4) Antenna Pointing Correction 163 

During mobile observations, platform vibration and tilt may alter the platform attitude and cause antenna pointing deviations, 164 

introducing biases into the received signals. Therefore, antenna pointing was corrected using synchronized INS attitude 165 

angles measurements to correct the TB observations following Corbella et al. (2001). 166 
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 167 

Figure 2: QC procedures for TB observations from fixed and mobile GMWR. 168 

Given that mobile TB observations are subject to more interferences than fixed-site GMWR, their QC procedure is 169 

more complex; therefore, we focus only on the QC performance for the mobile TB data during the MFOCAP. Figure 3 170 

compares the TB data before and after QC for different K/V-band channels during the MFOCAP. While the four K-band TB 171 

time series generally exhibit consistent temporal patterns, the raw observations suffer from considerable fluctuations and 172 

marked outliers. In general, the four V-band TB time series exhibit smaller fluctuations than the K-band channels, but abrupt 173 

anomalies before QC associated with platform vibration, signal interference, and obstacle obstruction are still evident. After 174 

QC, these anomalous values are effectively removed, resulting in more stable and continuous TB time series and providing 175 

more reliable inputs for the WP retrieval model. 176 
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 177 

Figure 3: Time series of mobile GMWR TBs before and after QC for (a–d) K-band and (e–h) V-band channels over the Three-178 

River Source Region during 17–31 July 2021. The blue and red lines represent the original and QC TB observations, respectively. 179 

3.2 Distribution Alignment 180 

Differences in instrument type, observation environment, and elevation caused TB feature distribution shifts between fixed-181 

site and mobile GMWR observations. Three distribution-alignment methods (Quantile Transformer, PCA Whitening, and 182 

RankGauss) were evaluated to reduce their impact on generalization. The transformers were fitted on the 70% training set 183 

and then applied to the 10% validation set, 20% test set, and mobile GMWR dataset. Quantile Transformer reduced the 184 
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influence of extreme values in marginal distributions, PCA Whitening decorrelated the channels, and RankGauss mapped 185 

skewed variables to approximately Gaussian distributions while mitigating the effects of non-Gaussianity and outliers (Qi et 186 

al., 2024; Kessy et al., 2018; Deng, 2025). The optimal method was selected independently for each pressure level based on 187 

the retrieval errors. 188 

(1) Quantile Transformer 189 

Quantile Transformer is a nonparametric transformation technique based on quantile mapping. The empirical cumulative 190 

distribution function (ECDF) was first used to estimate the cumulative probability of each sample, followed by the inverse 191 

CDF of the standard normal distribution to map the original features to an approximately Gaussian distribution: 192 

𝑧 = 𝛷−1(𝐹(𝑥)) (6) 193 

where 𝑥 denotes the original TB feature, 𝐹(𝑥) its ECDF, 𝛷−1(⋅) the inverse cumulative distribution function of the standard 194 

normal distribution, and 𝑍  the transformed feature. This transformation mitigates distribution shifts between fixed and 195 

mobile observations. 196 

(2) PCA Whitening 197 

PCA Whitening decorrelates the input features via PCA and rescales each principal component by its eigenvalue to yield 198 

transformed components with unit variance. The covariance matrix is given by: 199 

𝛴 =
1

𝑁
𝑋𝑇𝑋 (7) 200 

where 𝑋 is the centered input-feature matrix and 𝑁 is the number of samples.  201 

The covariance matrix is then eigendecomposed as 202 

Σ = 𝑈Λ𝑈𝑇 (8) 203 

where 𝑈 is the eigenvector matrix and Λ is the diagonal matrix of eigenvalues. The whitened features are obtained as 204 

𝑋𝑤 = 𝑋𝑈𝛬−
1
2 (9) 205 

where 𝑋𝑤 denotes the whitened data. 206 

(3) RankGauss 207 

RankGauss first ranks the samples by their values and then assigns the ranks to a standard normal distribution. Unlike direct 208 

standardization, this transformation preserves sample rank order while reducing outlier influence on training. 209 

The sample quantile is first calculated as 210 

𝑟𝑖 =
𝑟𝑎𝑛𝑘(𝑥𝑖) − 0.5

𝑁
(10) 211 

where 𝑁 is the total number of samples and 𝑟𝑎𝑛𝑘(𝑥𝑖) is the rank of the 𝑖th sample. The corresponding standard normal 212 

variable is then derived via the inverse error function: 213 

𝑧𝑖 = √2 𝑒𝑟𝑓−1(2𝑟𝑖 − 1) (11) 214 

where erf −1 denotes the inverse error function.  215 

https://doi.org/10.5194/egusphere-2026-5310
Preprint. Discussion started: 9 September 2026
c© Author(s) 2026. CC BY 4.0 License.



 

11 

3.3 Savitzky–Golay Smoothing 216 

To reduce short-term noise in GMWR TB observations and fluctuations in wind-speed labels, the input features and training 217 

labels were smoothed using Savitzky–Golay (SG) filtering (Savitzky and Golay, 1964). SG filtering fits a low-order 218 

polynomial in a moving window to suppress high-frequency noise while retaining peaks, slopes, and overall temporal 219 

variations. The 12 TB channels were smoothed using a second-order, 5-point SG filter, while the wind-speed labels at each 220 

pressure level used a 7-point window of the same order. The same TB filtering configuration was applied to both fixed-site 221 

GMWR and mobile MWR observations. 222 

4. Retrieval Method 223 

The WP retrieval procedure is shown in Fig. 4. Samples from each station were independently split 7:1:2 into training, 224 

validation, and test sets, then merged across stations to ensure fixed station-wise proportions and enable cross-station 225 

generalization evaluation. SG filtering was applied to the input features and training labels. At each pressure level, the 226 

optimal distribution-alignment method (Quantile Transformer, PCA Whitening, or RankGauss) was selected to reduce shifts 227 

between fixed and mobile GMWR observations. A nonlinear weighted regression loss was adopted to mitigate central 228 

tendency from the long-tailed WS distribution and improve retrieval performance across WS ranges. Finally, an XGBoost–229 

CatBoost ensemble model was built and tested on mobile GMWR observations to assess its generalization. 230 

 231 
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Figure 4: Flowchart of the WP retrieval algorithm. 232 

4.1 Retrieval Model  233 

XGBoost and CatBoost, two gradient-boosted tree models, were used to construct the WP retrieval model. XGBoost 234 

iteratively fits residuals in a gradient-boosting framework and employs regularization to penalize complexity and improve 235 

generalization (Chen and Guestrin, 2016). Its objective function is given by: 236 

𝑂𝑏𝑗 = ∑ 𝑙

𝑁

𝑖=1

(𝑦𝑖 , 𝑦̂𝑖) + ∑ 𝛺

𝐾

𝑘=1

(𝑓𝑘) (12) 237 

where 𝛺(𝑓𝑘) is given by: 238 

𝛺(𝑓𝑘) = 𝛾𝑇 +
1

2
𝜆 ∑ 𝑤𝑗

2

𝑇

𝑗=1

(13) 239 

here 𝑙(⋅) is the loss function, 𝑓𝑘 is the 𝑘th decision tree, 𝑇 is the number of leaf nodes, 𝑤𝑗  is the weight of the 𝑗th leaf node, 240 

and 𝛾 and 𝜆 are regularization parameters. 241 

CatBoost employs Ordered Boosting to reduce shift and symmetric trees to improve efficiency and generalization, 242 

offering stable performance for complex nonlinear relationships and small-to-medium datasets (Prokhorenkova et al., 2018). 243 

To utilize the complementary strengths of XGBoost and CatBoost, different ensemble weights were evaluated. The simple 244 

averaging ensemble outperformed the weighted alternatives in retrieval accuracy and stability on the validation set; thus, 245 

equal weighting was adopted.  246 

4.2 Nonlinear Weighted Regression Loss  247 

Due to the far greater number of low-wind than strong-wind samples in the Raob data, the model exhibits a central tendency, 248 

leading to underestimation of strong winds. To mitigate this, a three-level weighting scheme was defined based on WS: 249 

For WS 𝑣, the sample weight 𝑤(𝑣) is defined as 250 

𝑤(𝑣) = {
1, 𝑣 < 10 𝑚 𝑠−1

1.5, 10 ≤ 𝑣 < 20 𝑚  𝑠−1

2, 𝑣 ≥ 20 𝑚 𝑠−1

(14) 251 

The weighted loss function used for model training is 252 

𝐿 = ∑ 𝑤𝑖

𝑁

𝑖=1

 𝑙(𝑦𝑖 , 𝑦̂𝑖) (15) 253 

where 𝑤𝑖  is the sample weight, 𝑙(⋅) is the loss for an individual sample, 𝑦𝑖  is the observed value, and 𝑦̂𝑖 is the retrieved value. 254 
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5. Results  255 

5.1 Fixed GMWR 256 

5.1.1 Model Evaluation 257 

To evaluate the reliability of the WP retrieval model, samples from each of the 14 fixed-site GMWR were independently 258 

divided into training, validation, and test datasets at a ratio of 7:1:2, and the corresponding subsets were then merged across 259 

stations to ensure representation of all stations in each subset. The correlation coefficient (R), root-mean-square error 260 

(RMSE), and mean absolute error (MAE) were used to evaluate retrieval accuracy. It is noteworthy that, due to the high 261 

elevation of some GMWR stations over the TP, fewer data are available for the 750–600 hPa pressure levels, which leads to 262 

a total sample number for the 13 pressure levels that is less than anticipated. Figure 5 compares the retrieved WS and Raob 263 

for the test dataset during the period from January 2021 to April 2026. The mean retrieved WS at each pressure level agreed 264 

well with the Raob but were slightly lower overall, possibly due to uncertainties in TB measurements, limited training 265 

samples, and radiosonde drift. RMSE increased with altitude, yet remained below 4.5 m s⁻¹ overall and below 2.0 m s⁻¹ in 266 

the lower troposphere (750–500 hPa). Fig. 5c shows that most data points lie near the 1:1 line, indicating good reproduction 267 

of WP spatiotemporal variability by the retrieval model. The scatter is denser for low winds but more spread for strong 268 

winds, without any notable systematic bias. Retrieved WS achieved strong performance (R=0.96, RMSE=2.24 m s⁻¹, 269 

MAE=1.57 m s⁻¹). These results demonstrate high retrieval accuracy and robustness across the multi-station test set, and 270 

provide a solid foundation for subsequent WP retrieval from mobile GMWR observations. 271 
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 272 

Figure 5: Vertical profiles of mean retrieved WS and Raob at each pressure level (a), the corresponding RMSE (b), and 273 
scatterplots (c) of retrievals vs. observations from the test set for 14 fixed-site GMWR over the TP, covering January 2021 to April 274 
2026. 275 

https://doi.org/10.5194/egusphere-2026-5310
Preprint. Discussion started: 9 September 2026
c© Author(s) 2026. CC BY 4.0 License.



 

15 

5.1.2 Impact Factors 276 

Although Chen et al. (2024) examined the effects of weather conditions, diurnal variation of TB, and elevation on WP 277 

retrieval accuracy, their analysis was based on limited mobile data from 17-31 July 2021 and did not exclude 278 

rain-contaminated observations. Using a much larger and longer-term dataset—the 20% test set from 14 fixed-site GMWR 279 

over the TP from January 2021 to April 2026—this study re-examines these factors to better quantify their effects on 280 

retrieval errors and draw more robust conclusions. 281 

(1) Weather conditions 282 

Figure 6 compares retrieved and Raob WS under clear-sky and cloudy conditions for the test set from the 14 fixed-site 283 

GMWR over the TP from January 2021 to April 2026. According to the meteorological condition classification method 284 

(Cheng et al., 2014), samples were classified as clear-sky (total cloud cover, TCC < 20%) or cloudy (TCC≥ 20%). Under 285 

clear-sky conditions, R, RMSE, and MAE were 0.96, 1.99 m s⁻¹, and 1.49 m s⁻¹, respectively, compared with 0.95, 2.31 m 286 

s⁻¹, and 1.63 m s⁻¹ under cloudy conditions. The WP retrieval model performs robustly under both clear-sky and cloudy 287 

conditions, with smaller retrieval errors during clear skies. The slightly larger retrieval errors under cloudy conditions may 288 

be associated with cloud liquid water, which contributes to microwave absorption and emission and thereby modifies the 289 

observed TBs (Turner et al., 2007). 290 

 291 

Figure 6: Scatterplots of retrieved WS against Raob observations under (a) clear-sky and (b) cloudy conditions for the test set of 292 
the 14 fixed-site GMWR over the TP from January 2021 to April 2026. The red and blue dashed lines denote the 1:1 reference and 293 
fitted regression lines, respectively. 294 

To explore the effect of cloud cover on retrieval errors, the test samples were binned into five TCC ranges: 0.0–0.2, 295 

0.2–0.4, 0.4–0.6, 0.6–0.8, and 0.8–1.0. The R, RMSE, and MAE between the retrieved and Raob WS were then calculated 296 

for each range. As shown in Table 2, R exceeded 0.94 across all TCC ranges, while retrieval errors generally increased with 297 

TCC. The lowest RMSE and MAE occurred in the 0.0–0.2 range, whereas the largest errors were found in the 0.8–1.0 range. 298 
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These results indicate that retrieval errors increase moderately with TCC, while the model maintains good correlation and 299 

stability across different cloud conditions. 300 

 301 

Table 2: WS retrieval errors for different TCC ranges at the 14 fixed-site GMWR over the TP from January 2021 to April 2026. 302 

TCC  R RMSE (m s⁻¹) MAE (m s⁻¹) 

0.0-0.2 0.96 1.99 1.49 

0.2-0.4 0.95 2.18 1.58 

0.4-0.6 0.94 2.12 1.46 

0.6-0.8 0.94 2.22 1.51 

0.8-1.0 0.94 2.36 1.66 

 303 

(2) Diurnal Variation of PBLH 304 

To investigate the influence of diurnal variations of planetary boundary layer height (PBLH) on WP retrieval, the 20% test 305 

set from the 14 fixed-site GMWR over the TP (January 2021–April 2026) was divided into two groups according to Raob 306 

launch times: 08:00 and 20:00 BT. Figure 7 compares the vertical distributions of retrieved WS and Raob, and the 307 

corresponding RMSE at the two times. The retrieved WS agreed well with Raob across all pressure levels, with RMSE 308 

below 2.5 m s⁻¹ for the 750–450 hPa layer at both observation times, indicating high retrieval accuracy in the mid-to-lower 309 

troposphere. Further comparison showed that RMSE of retrieved WS at 08:00 BT was generally lower than that at 20:00 BT 310 

within the 600–700 hPa layer, in agreement with Chen et al. (2024). In line with Cheng et al. (2024) regarding the imapct of 311 

the diurnal variation of PBLH on air temperature profile retrieval errors over the TP, nighttime radiative cooling reduces 312 

PBLH and stabilizes the atmosphere at 08:00 BT, allowing GMWR to obtain more consistent thermodynamic data and thus 313 

lowering errors. Conversely, daytime surface heating and PBL evolution at 20:00 BT produce a more variable 314 

thermodynamic structure, resulting in larger retrieval errors. 315 
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 316 

Figure 7: Vertical profiles of retrieved WS and Raob at 08:00 BT (a) and 20:00 BT (b), and the corresponding RMSE (c) for the 317 
test set from the 14 fixed-site GMWR over the TP (January 2021–April 2026). 318 

(3) Elevation 319 

To investigate the influence of elevation on retrieval accuracy, the 20% test set was divided into four groups according to 320 

station altitude. Table 3 presents the WS retrieval errors for different elevation ranges at the 14 fixed-site GMWR over the 321 

TP and its surrounding areas from January 2021 to April 2026. The retrieved WS generally agreed well with the Raob across 322 

all elevation ranges, with R exceeding 0.96. However, RMSE increased notably with elevation, with a particularly sharp rise 323 

at stations above 4 km, where RMSE exceeded 3.0 m s⁻¹. This finding is consistent with the results of Chen et al. (2024). 324 

This is likely due to lower water vapor and oxygen densities at high elevations, which attenuate microwave emission and 325 

amplify TB uncertainties, consequently increasing WP retrieval errors. 326 

Table 3: WS retrieval errors for different elevation ranges at the 14 fixed-site GMWR over the TP from January 2021 to April 327 
2026. 328 

Elevation R RMSE (m s⁻¹) MAE (m s⁻¹) 

0-2 km 0.98 2.39 1.63 

2-3 km 0.96 2.79 1.69 

3-4 km 0.97 2.80 1.64 

>4 km 0.97 3.03 1.95 
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5.2 Mobile GMWR Observations 329 

To assess the model's generalization capability under mobile observations over the TRSR, we validated the retrieved WP 330 

against two independent references: (1) sparse but accurate Raob data from Xining, Dari, and Yushu, and (2) high-resolution 331 

Raob-corrected ERA5 reanalysis, over the period 17–31 July 2021. After spatiotemporal collocation, 22 radiosonde–GMWR 332 

matchups were identified. Owing to missing values at some pressure levels, the sample size for error statistics was further 333 

reduced; therefore, given the sensitivity of RMSE to extreme values in small samples, we adopted mean bias (MB) to 334 

evaluate the systematic bias of the retrievals against Raob and its vertical distribution. Given that ERA5 reanalysis is biased 335 

over the TP’s complex terrain and unsuitable for direct evaluation of mobile GMWR retrievals, we instead applied 336 

Raob-corrected hourly ERA5 WP data for further validation. 337 

5.2.1 Evaluation against Raob 338 

Figure 8 shows the vertical distributions of mean retrieved WS and Raob at each pressure level, and the corresponding MB 339 

at three radiosonde stations during 17–31 July 2021. Overall, the retrieval model captured the vertical structure of WS well, 340 

showing strong agreement with Raob within the 700–450 hPa layer. Although retrieved WS was slightly overestimated over 341 

700–400 hPa and underestimated at 350 hPa, the absolute MB at all levels remained below 2 m s⁻¹. These errors likely arise 342 

from TB measurement uncertainties, distribution-alignment procedures, limited training samples, and radiosonde drift, with 343 

future work aiming to refine and evaluate the model using more mobile observations. 344 

 345 

Figure 8: Vertical profiles of retrieved WS and Raob (a), and corresponding MB (b) at Xining, Dari and Yushu radiosonde 346 
stations during 17–31 July 2021. 347 
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5.2.2 Evaluation based on Raob-corrected ERA5 348 

The Raob-corrected ERA5 WS, offering more complete spatiotemporal coverage than sparse Raob, serve as a 349 

complementary reference for evaluating retrieval performance during continuous mobile observations. Figure 9 shows 350 

vertical distributions of retrieved WS and Raob-corrected ERA5, and the corresponding RMSE along the mobile observation 351 

route over the TRSR during MFOCAP. Although retrieved WS were generally higher than corrected ERA5 winds at all 352 

levels, RMSE remained below 4.0 m s⁻¹, with values exceeding 3.0 m s⁻¹ only in the 700–750 hPa and 350–450 hPa layers 353 

and smaller elsewhere. The larger errors may partly result from limited training samples, which restrict the model's ability to 354 

capture wind-field variability at these levels, along with uncertainties in the corrected ERA5 wind profiles. 355 

Figure 9c presents the scatterplot of retrieved WS against corrected ERA5 data along the mobile observation route during 356 

MFOCAP. The two datasets show an overall correlation of 0.66, with RMSE and MAE of 2.66 and 2.25 m s⁻¹, respectively, 357 

and most samples fall within the low-to-moderate WS range (≤7.5 m s⁻¹). Retrieved WS exhibited a systematic bias—358 

overestimated at low WS and increasingly underestimated as WS increased. This bias likely stems from TB distribution 359 

differences between the fixed-site training data and mobile observations. Despite smoothing and distribution alignment, 360 

some domain shift remained, so that mobile samples deviating from the training distribution caused retrievals to regress 361 

toward the densely sampled wind-speed range—overestimating weak winds and underestimating strong ones. 362 
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 363 

Figure 9: Vertical profiles of (a) retrieved WS and Raob-corrected ERA5, (b) corresponding RMSE, and (c) scatterplot of 364 
retrieved WS against corrected ERA5, along the mobile observation route over the TRSR during 17–31 July 2021. The dashed line 365 
in (c) denotes the 1:1 reference. 366 

6. Conclusions and Discussion 367 

To address the limited temporal frequency and spatial continuity of WP observations over the TP, this study developed a 368 

ground-based WP retrieval model using GMWR TB data. The model employs an equally weighted ensemble of XGBoost 369 

and CatBoost, trained on TB data from 14 fixed GMWR sites and radiosonde-derived WP, and then applied to retrieve 370 

mobile WP during the MFOCAP. The retrieval framework incorporated strict QC of TB data, station-wise dataset 371 
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partitioning, data smoothing, pressure-level-specific distribution alignment, and a wind-speed-weighted regression loss 372 

function. In addition, the impacts of weather conditions, diurnal variations of PBLH and station elevation on retrieval 373 

performance were systematically examined. These methodological designs collectively improve retrieval accuracy while 374 

enhancing model robustness and generalization capability across diverse observational settings and geographic regions 375 

within the plateau. 376 

The model demonstrated robust retrieval performance across both fixed-site and mobile observations. For the 14 fixed-site 377 

GMWR, retrieved WS showed a correlation of 0.96 with Raob, with RMSE and MAE of 2.24 and 1.57 m s⁻¹, respectively; 378 

RMSE remained below 2.0 m s⁻¹ in the lower troposphere (750–500 hPa). Mobile GMWR retrievals over the TRSR 379 

reproduced the vertical WS structure well, with mean absolute bias against Raob generally below 2 m s⁻. Against Raob-380 

corrected ERA5 WP, the retrievals achieved a correlation of 0.66, with RMSE and MAE of 2.66 and 2.25 m s⁻¹, respectively, 381 

and RMSE below 4.0 m s⁻¹ at all pressure levels. However, the retrievals still exhibited a systematic bias, overestimating 382 

weak winds and underestimating strong ones. 383 

Overall, the ensemble framework effectively retrieves continuous WP over large regions based on mobile observations with 384 

GMWR. Uncertainties at high altitudes and for strong winds likely stem from TB measurement errors, 385 

distribution-alignment issues, limited samples, and radiosonde drift. To further improve model accuracy, stability, and 386 

generalization capability over the TP’s complex terrain, future efforts will collect more observations in under-represented 387 

regimes and develop dedicated retrieval models tailored to different WS and elevation ranges. 388 
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