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Abstract. This study presents the specification of an inter-channel observation-error covariance matrix (𝐑) and evaluates its 

effects on One-Dimensional Variational (1D-VAR) retrievals from a ground-based microwave radiometer (MWR) using 15 

RTTOV-gb as the observation operator. In the 1D-VAR, the accurate characterization of the background error covariance 

matrix and 𝐑 is crucial, as they determine the relative weighting of background and observational uncertainties and thus 

directly control retrieval performance. However, realistic specification of 𝐑 remains challenging due to the complexity of 

error sources, including instrument noise, forward-model error, and representativeness error. Consequently, many previous 

studies have adopted a simplified diagonal approximation. In this study, a correlated 𝐑 is specified and compared with its 20 

diagonal configuration to quantify the effects of inter-channel error correlations on 1D-VAR performance. Radiosonde 

validation shows root mean square error (RMSE) reductions of 1.02 % for temperature and 4.52 % for humidity relative to the 

diagonal configuration below 1000 m. Using the correlated configuration, the 1D-VAR retrieval outperforms the Numerical 

Weather Prediction (NWP) model used as the background in the lowest 1000 m, achieving RMSE reductions of up to 23 % 

for temperature and 12 % for humidity, indicating an improved representation of near-surface variability during the intensive 25 

observation periods. The correlated configuration improves convergence efficiency, with 5.7 % of successful retrievals 

converging in a single iteration (compared to 0.1 % for the diagonal configuration), reducing the total processing time by 

approximately 2.6 %. In addition to enhanced computational efficiency, the correlated 𝐑 maintains comparable retrieval 

accuracy in the lower troposphere. Overall, explicitly accounting for inter-channel observation-error correlations enhances 

convergence efficiency and provides modest improvements in retrieval accuracy below 1000 m, highlighting the importance 30 

of realistic observation-error covariance specification for lower-tropospheric thermodynamic profiling. 

https://doi.org/10.5194/egusphere-2026-3545
Preprint. Discussion started: 3 August 2026
c© Author(s) 2026. CC BY 4.0 License.



2 

1 Introduction 

To characterize rapid thermodynamic variability in the boundary layer, high-accuracy, high-resolution atmospheric profiles 

are essential. However, Numerical Weather Prediction (NWP) models often struggle to capture boundary-layer processes on 

short timescales because of strong interactions with the underlying surface (Calaf et al., 2023; Powers et al., 2017). Ground-35 

based Microwave Radiometers (MWRs) are advantageous for monitoring thermodynamic variability in the boundary layer. 

Most of the brightness temperature (TB) information used to retrieve temperature profiles is concentrated in the boundary layer 

(Löhnert and Maier, 2012). Moreover, MWRs measure atmospheric emissions every few seconds, and their unattended, long-

term operation makes them well-suited for continuous monitoring. 

For these reasons, previous studies have used MWR observations in One-Dimensional Variational (1D-VAR) retrievals as a 40 

preliminary step toward integration into data assimilation systems. The efficacy of MWR-based 1D-VAR retrievals has been 

demonstrated across various mesoscale and convective-scale models (Cimini et al., 2010, 2011; Hewison, 2007; Martinet et 

al., 2015, 2017, 2022). More recently, direct assimilation experiments using MWR observations in 3D/4D-VAR have been 

conducted in a limited number of studies. These studies have reported improvements in boundary layer analyses and forecasts 

of extreme weather (Ikuta et al., 2025; Thomas et al., 2025; Vural et al., 2024; Zheng et al., 2026).  45 

In the cost function of 1D-VAR retrieval and variational data assimilation, the observation-error covariance matrix represents 

observation uncertainties, and thus retrieval performance depends on how realistically these error statistics are specified. Since 

an accurate estimate of the full observation-error covariance matrix in practice is difficult, a diagonal observation-error 

covariance matrix has traditionally been used, assuming that observation errors are uncorrelated.  

However, remote sensing observations usually have correlated errors. Previous studies have shown that accounting for inter-50 

channel correlations in 1D-VAR retrieval and data assimilation increases the effective use of observational information and 

improves analysis accuracy (Hu and Dance, 2024; Stewart et al., 2008, 2013; Weston et al., 2014). Ikuta et al. (2025) also 

reported the presence of inter-channel error correlations in MWR observations and demonstrated that accounting for these 

correlations improves precipitation forecast in NWP.  

To account for correlations indirectly, observation-error variances are inflated, but this approximation can degrade 55 

performance compared with explicitly representing the true correlations (Stewart et al., 2008, 2013; Weston et al., 2014). 

Meanwhile, the diagnostic method proposed by Desroziers et al. (2005) is widely used to estimate observation-error statistics, 

including error correlations. However, it has been pointed out that this method is vulnerable to bias and noise (Hu and Dance, 

2024; Ikuta et al., 2025). Therefore, a realistic representation of observation-error covariances in MWR-based 1D-VAR 

retrieval requires physically based characterization of error components (e.g., instrument, forward model, and 60 

representativeness errors), statistically representative estimation using bias-corrected MWR observations, and explicit 

treatment of inter-channel error correlations to reduce noise-induced uncertainties. 

In this study, we implemented a 1D-VAR system utilizing MWR observations with the Local Data Assimilation and Prediction 

System (LDAPS), a high-resolution (1.5 km) regional-scale NWP model, under clear-sky conditions. The observation-error 
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covariance matrix is estimated to account for inter-channel error correlations using samples obtained from bias-corrected 65 

MWR observations. 

Because few studies have directly compared a correlated (FULL) covariance matrix with a diagonal matrix within the same 

1D-VAR framework, we perform a direct comparison between a FULL matrix and its diagonal counterpart, obtained by setting 

all off-diagonal elements to zero. By comparing these two configurations, we quantify the impact of accounting for inter-

channel error correlations on the vertical structure of retrieved profiles and the convergence efficiency. This paper begins with 70 

an overview of the datasets and preprocessing steps required for implementing the algorithm (Sect. 2). It then describes the 

1D-VAR configuration and specifies the observation-error covariance matrix accounting for inter-channel error correlations 

(Sect. 3). Section 4 evaluates the retrieval performance and compares retrievals using an observation-error covariance matrix 

with only diagonal components. Finally, Section 5 summarizes the main conclusions. 

2 DATA 75 

2.1 Ground-based Microwave radiometer (MWR) 

The fourth-generation Humidity And Temperature PROfiler (HATPRO) MWR, manufactured by Radiometer Physics GmbH, 

measures downwelling microwave radiation within a frequency range of 22–58 GHz. In this study, TB data were collected 

from 14 channels of the HATPRO MWR deployed at the Jungnang site in Seoul (Fig. 1, 37.59° N, 127.07° E, 37 m above 

m.s.l.) during 2015–2016, excluding the summer of 2015 when the instrument experienced malfunction. HATPRO operates 80 

in two spectral ranges. The K-band channels (22.24, 23.04, 23.84, 25.44, 26.24, 27.84, and 31.40 GHz) are primarily sensitive 

to atmospheric humidity and cloud liquid water. In particular, the 22.24 GHz, located near the water vapor absorption line, can 

capture contributions from higher altitudes because the atmosphere is relatively optically thin at this frequency. In contrast, 

the V-band channels (51.26, 52.28, 53.86, 54.94, 56.66, 57.30, and 58.00 GHz) mainly provide temperature information. As 

the frequency approaches the center of the oxygen absorption complex near 60 GHz, the atmosphere becomes optically thicker, 85 

reducing the contribution from higher altitudes. Consequently, the increased atmospheric emission near the surface 

predominantly represents lower atmospheric information (Hewison, 2007; Martinet et al., 2015). The electromagnetic power 

signals received from microwave radiation are converted into TBs using calibration coefficients. Therefore, calibration is a 

crucial step to ensure accurate TB observations (Cimini et al., 2003; Martinet et al., 2017). In this study, liquid nitrogen (LN2) 

calibration was performed twice during the considered period. Previous studies have shown that low-elevation angle 90 

observations can improve the accuracy of lower atmospheric temperature retrievals (Martinet et al., 2015). Multi-angle scans 

were not available at sufficiently high temporal frequency during these periods. Accordingly, this study focuses on developing 

the 1D-VAR system and utilizes only zenith angle observations. 
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Figure 1: Location of the Jungnang site (triangle) in (a) East Asia and (b) the Seoul metropolitan area, with topography shown in 95 
(b). 

2.2 Validation data 

To validate the performance of the 1D-VAR algorithm, radiosondes were used. Radiosondes were launched during two 

intensive observation periods (IOPs) at the HATPRO site. The first IOP took place from 23 to 30 November 2015, with 

launches conducted every three hours at 00:00, 03:00, 06:00, 09:00, 12:00, 15:00, 18:00, and 21:00 UTC (56 observations in 100 

total). The second IOP occurred from 19 September to 7 October 2016, also with launches conducted every three hours (82 

observations in total).  

2.3 Quality control 

2.3.1 Data screening 

Before using the HATPRO MWR observations, a data screening procedure was applied to select clear-sky conditions. First, 105 

measurements flagged by the HATPRO MWR rain sensor were excluded from the analysis. The remaining data were then 

refined using a two-stage screening approach. 

In the first stage, a cloud detection algorithm (Ahn et al., 2015) was applied to avoid additional uncertainty caused by clouds. 

The algorithm uses an Infrared Radiometer (IRT; 10.5 μm) installed on top of the HATPRO MWR and identifies clouds based 

on increases in TB measured by the IRT and on its temporal variability under cloudy conditions. 110 

In the second stage, assuming reduced atmospheric variability under clear-sky conditions, samples were selected when the 10-

min standard deviation (STD) of TB at 31.4 GHz (a cloud-sensitive window channel) was below 0.2 K (Cimini et al., 2019). 

As a result, 63 087 samples (57 %) were retained out of a total of 111 240 observations. 
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2.3.2 Observation minus background monitoring 

The 1D-VAR retrieval assumes that observations are unbiased and that observation errors follow a Gaussian distribution. 115 

Because degraded observational quality can reduce the retrieval performance, quality control (QC) based on the characteristics 

of observation minus background departures (O–B) is commonly applied prior to 1D-VAR retrievals (Ebell et al., 2017; 

Löhnert and Maier, 2012; Martinet et al., 2015, 2017). MWR observations can be affected by Radio Frequency Interference, 

non-meteorological disturbances (e.g., the Sun, the Moon, humans, birds, aircraft, etc.), and calibration-related issues. These 

effects may appear as spikes or discontinuities in O–B time series, helping to identify potential error sources (instrument, 120 

observation operator, or a NWP model). 

Figure 2 shows the observed TB and simulated TB using LDAPS at 22.24 GHz (a) and 51.26 GHz (d), and the corresponding 

O–B time series in (b) and (e), respectively. Panels (b) and (c) show the O–B time series before and after QC under clear-sky 

conditions. Two LN2 calibrations were performed in September 2015 and September 2016, indicated by vertical dashed lines. 

Step-like changes are evident after both calibration events, particularly in the more transparent channels (Fig. 2e). The O–B 125 

shifted by –2.7 K after the first calibration and by –13.2 K after the second calibration at 51.26 GHz. Similar post-calibration 

discontinuities have been reported previously and may be associated with water condensation on the aluminum plate reflector 

and radiometer radome, as well as a non-uniform LN2 coverage of the absorber (Löhnert and Maier, 2012). The magnitude of 

these effects depends on channel characteristics. Transparent channels located on the steep shoulder of the O2 absorption 

complex are more sensitive to uncertainties in bandpass characterization and can therefore exhibit larger O–B differences. 130 

Additionally, contributions may also arise from absorption model uncertainties (Cimini et al., 2018), as well as other systematic 

uncertainties related to calibration. In contrast, opaque channels (54–58 GHz) typically show smaller discontinuities, consistent 

with typical values close to ambient temperature. 

Although observation uncertainties are incorporated into the observation-error covariance matrix, systematic errors are not 

accounted for, which can potentially introduce bias and lead to non-convergence issues in retrievals. Therefore, for the V-band 135 

channels, a bias correction procedure was applied following Hewison et al. (2013). This method estimates fitting coefficients 

between observed and simulated TB using LDAPS separately for each data subset defined by LN2 calibration events and 

applies the following relationships: 

TB (MWR) =  C0 + C1 × TB (simulated), 

TB (MWRbias_corrected) =
(TB (MWR) − C0)

C1
.                                 (1) 140 

In addition, outliers exceeding 3 STD from the mean O–B differences were removed. The final QC results are shown in Fig. 

2c, f. After the bias correction, the systematic component was substantially reduced. The resulting observations were used in 

the 1D-VAR retrieval, supporting the assumptions underlying the method. 
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Figure 2: Time series of observed brightness temperatures (TB) and TB simulated from the NWP background, and their differences 145 
(O–B) for 22.24 GHz (a-c) and 51.26 GHz (d-f). (a, d) observed TB (black) and simulated TB (red); (b, e) O–B time series; and (c, f) 

O–B under clear-sky conditions (sky blue) and after quality control (gold). 

3 Retrieval algorithm 

3.1 1D-VAR framework 

The 1D-VAR algorithm for MWR observations is based on Bayesian optimal estimation theory, which combines MWR 150 

observations with a priori information from an NWP model. The algorithm iteratively determines the atmospheric state vector 

𝒙 that best reproduces the observations 𝒚. The solution is obtained by minimizing the following cost function 𝐽(𝒙):  

𝐽(𝒙) = [𝒙 − 𝒙a]T𝐁−1[𝒙 − 𝒙a] + [𝒚 − 𝑯(𝒙)]T𝐑−1[𝒚 − 𝐇(𝒙)],                      (2)  

where 𝒙a is the a priori state vector obtained from the LDAPS background fields, 𝑯(𝒙) is the forward model implemented 

using RTTOV-gb (De Angelis et al., 2016), 𝐁  is the background-error covariance matrix, 𝐑  is the observation-error 155 

covariance matrix, (∙)𝑇 denotes the transpose operator, and (∙)−1 indicates the inverse operator. During the minimization, the 

Gauss-Newton method (Rodgers, 2000) is applied to iteratively update the optimal solution from the state vector at iteration 

𝑛, as:  

𝒙𝑛+1 = 𝒙a + 𝐁𝐊𝑛
T(𝐊𝑛𝐁𝐊𝑛

T + 𝐑)−1[(𝒚 − 𝑯(𝒙𝑛)) + 𝐊n(𝒙𝑛 − 𝒙a)].                                       (3)  

The Jacobian matrix 𝐊𝑛 represents the sensitivity of simulated TBs to changes in the state vector 𝒙 and is computed using 160 

the K-module of RTTOV-gb. In this study, 𝒙a is taken from LDAPS, 𝒚 denotes the observed TBs from the 14 MWR channels.  

The algorithm flowchart is shown in Fig. 3. Initially, if the mean RMSE between the observed TBs and the simulated TBs 

from the background state vector is below a threshold of 0.4 K, the background profile is directly chosen as the solution, and 

the algorithm terminates. The threshold was empirically selected from the O–B RMSE distribution derived from the quality-

controlled TBs. If the mean RMSE exceeds this threshold, the state vector is iteratively updated to find an optimal solution, 165 

with a maximum of 10 iterations. Convergence is evaluated using two criteria. First, the step size in measurement space 

between successive iterations is evaluated using the observation dimension (𝑚 =  14) proposed by Rodgers (2000). However, 
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to reduce premature convergence, an effective observation dimension, 𝑚eff  =  𝑚/2 is adopted (Hewison, 2006) and the 

following criterion is tested:  

[𝑯(𝒙𝑛+1) − 𝑯(𝒙𝑛)]T 𝐒𝛿𝑦̂
−1[𝑯(𝒙𝑛+1) − 𝑯(𝒙𝑛)]  ≪ 𝑚eff,                              (4) 170 

where 𝐒𝛿𝑦̂ is given by 

𝐒𝛿𝑦̂  = 𝐑(𝐊𝑛𝐁𝐊𝑛
T + 𝐑)−1𝐑 .                                 (5) 

If this condition is satisfied, a second test is conducted to evaluate the statistical consistency of the retrieval using a chi-square 

test (𝒳2). The 𝒳2 statistic is defined as 

𝒳2 =  [𝑯(𝒙ret) − 𝒚]T 𝐑−1[𝑯(𝒙ret) − 𝒚].                        (6)  175 

Here, 𝒙ret represents the retrieved profile at the convergence step. A retrieval is considered successful when 𝒳2 is below a 

predefined threshold of 100, following Hewison (2007). This threshold was found to provide a reasonable balance between 

retrieval convergence and retrieval performance in this study. 

 

Figure 3: 1D-VAR algorithm flowchart. 180 

3.2 NWP model 

In this study, LDAPS forecasts are used as a priori (background) profiles for the 1D-VAR retrievals. LDAPS, developed by 

the Korea Meteorological Administration (KMA) based on the Unified Model (UM), serves as a local-scale data assimilation 

and prediction system. Previous studies have reported that LDAPS shows good skill for near-surface (lower-tropospheric) 

variables (Kang et al., 2015) and can capture urban meteorological features relevant to local forecasting (Byon et al., 2021). 185 

LDAPS is operated on a high-resolution grid to mitigate weather-related disasters associated with severe weather events over 
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the Korean Peninsula (Kim et al., 2020). The horizontal grid comprises 602 × 781 points with a spatial resolution of 1.5 km, 

and the vertical grid consists of 70 levels extending to approximately 40 km above the surface. LDAPS runs eight times per 

day: four main cycles (00, 06, 12, and 18 UTC) produce forecasts up to 36 h, and the other four additional cycles (03, 09, 15, 

and 21 UTC) produce short-range forecasts up to 3 h. It employs a three-dimensional variational (3D-VAR) data assimilation 190 

scheme and receives lateral boundary conditions from the global model every three hours. Forecast outputs are available at 1 

h intervals. In this study, we used the 1–3 h lead-time forecasts to generate background profiles at 10 min intervals using time-

weighted interpolation. Spatial interpolation was performed using an inverse-distance-weighting method based on the four 

nearest grid points to the observation site (KMA, 2013).  

3.3 Radiative transfer model : RTTOV-gb 195 

RTTOV-gb, used as the observation operator in this study, is a fast one-dimensional radiative transfer model (RTM) designed 

for ground-based upward-looking MWR observations and shares the same program interface as RTTOV (Cimini et al., 2019; 

De Angelis et al., 2016). The radiative transfer calculations employ the line-by-line absorption model developed by Rosenkranz 

(2017). When LDAPS profiles are provided as input, RTTOV-gb simulates TBs for 14 channels under clear-sky conditions. 

The Jacobian matrices are also computed using the RTTOV-gb K-module, which enables the iterative update in Eq. (3) within 200 

the 1D-VAR algorithm. RTTOV-gb has been shown to provide accurate MWR radiance simulations and physically consistent 

Jacobians (Cimini et al., 2019; De Angelis et al., 2016). Therefore, it is widely used as a forward model in data assimilation 

studies (Vural et al., 2024; Zheng et al., 2026). Within European profiling initiatives (Cimini et al., 2020; Illingworth et al., 

2019), RTTOV-gb has been used for long-term observations-minus-background (O–B) monitoring of MWR networks (De 

Angelis et al., 2017). Martinet et al. (2020) applied RTTOV-gb within a 1D-VAR framework and demonstrated improved 205 

retrieval performance, further supporting its applicability in MWR-based retrieval systems. 

3.4 Observation-error covariance matrix 

In the 1D-VAR retrieval algorithm, the background and observation-error covariance matrices are used to weight the relative 

contributions of the background and the observations according to their uncertainties (Martinet et al., 2017). In previous studies, 

𝐑 was often approximated as a diagonal matrix (i.e., the off-diagonal elements were set to zero), based on the assumptions 210 

that observation errors were uncorrelated (Hewison, 2007; Martinet et al., 2017) and that systematic calibration errors were 

negligible or had been adequately corrected (Löhnert et al., 2004). However, in practice, residual observation errors may 

remain after bias correction and can be correlated across channels. Ikuta et al. (2025) reported strong inter-channel error 

correlations for a 14-channel MWR and noted that assimilating all channels while neglecting these correlations can degrade 

forecast accuracy. Therefore, in this study, after removing systematic biases, 𝐑 was estimated to account for inter-channel 215 

error correlations. 
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The 𝐑 consists of three components: radiometric noise from the instrument (𝐄), representativeness errors (𝐌), and radiative 

transfer model errors (𝐅). The instrumental noise term 𝐄 can be estimated using TBs obtained during LN2 calibration periods 

(Hewison, 2006). However, due to the limited availability of such calibration data, an alternative approach was adopted. 

Periods of continuously clear-sky conditions lasting at least 30 min during the IOPs were selected and assumed to represent 220 

sufficiently stable atmospheric conditions for calibration. Accordingly, 𝐄  was estimated using the variance-covariance 

formulation, as defined by: 

𝐄 =  (𝑘 − 1)−1𝐲′T𝐲′,                           (7)  

where 𝐲′  is a 𝑘 × 𝑛  matrix of TB anomalies with 𝑘  observations and 𝑛  channels (Wilks, 2011). This formulation 

corresponds to the sample covariance matrix method, which accounts for both the noise in each channel and inter-channel 225 

observation-error correlations to quantify the error. Under steady atmospheric conditions, variations in the observations are 

assumed to primarily represent instrument noise, allowing the variances and covariances to be empirically estimated. 

NWP data are interpolated to the observation location, while the model fields are truncated in spatial and temporal scales 

compared with the true atmosphere. To account for this mismatch, the representativeness-error covariance matrix, 𝐌, is added 

to the instrumental errors. 𝐌 is defined as follows (Hewison, 2006): 230 

𝐌 =  ε [(𝒚0(𝑡 +△ 𝑡) − 𝒚0(𝑡) )( 𝒚0(𝑡 +△ 𝑡) − 𝒚0(𝑡) )T],                                        (8)   

where 𝒚0(𝑡)  and 𝒚𝟎(𝑡 +△ 𝑡)  denote observations separated by a time interval △ 𝑡 , and ε  represents the expectation 

operator. In this study, △ 𝑡 was set to 391 s, corresponding to the advection timescale across one 1.5 km LDAPS grid spacing 

using a representative wind speed of 3.8 𝑚 𝑠−1  during the IOPs. Observation differences over △ 𝑡  capture temporal 

variability and, implicitly, spatial representativeness errors, because the advection time corresponds to horizontal displacement 235 

on the model grid. 

The radiative transfer model error, 𝐅, primarily arises from spectroscopic uncertainties and differences among absorption 

models. Cimini et al. (2018) quantified the uncertainty of the absorption model used in microwave radiative transfer and 

calculated the corresponding uncertainty covariance matrix based on spectroscopic parameters. They also demonstrated that 

this covariance matrix can be directly applied in retrieval processes. Therefore, this study adopts the error covariance matrix 240 

proposed by Cimini et al. (2018) to account for errors in the radiative transfer model.  

Table 1 shows the uncertainty of each channel, accounting for the three components of 𝐑 . The total observation-error 

covariance indicates large uncertainties at 51.26 and 52.28 GHz, mainly due to 𝐅 associated with uncertainty in the O2 

absorption model. In the 26–54 GHz range, 𝐅 is the dominant contributor, whereas above 54 GHz, 𝐌 contributes more 

substantially. Hewison (2006) reported that 𝐄 is the dominant contributor in the highest frequency channels, while 𝐌 is more 245 

important in channels sensitive to cloud. This discrepancy may arise from differences in the RTM configuration and in the 

spatiotemporal variability represented in the NWP. 

The correlation matrix (Fig. 4) shows strong inter-channel observation-error correlations among the K-band channels, and 

similarly strong correlations within the more transparent V-band channels. This suggests that a substantial fraction of the 
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observation-error variability is shared across nearby channels, reflecting common error sources such as representativeness and 250 

forward model errors.  

Table 1. Diagonal elements of the observation-error covariance matrix (𝐑) for each channel, showing the contributions from 

instrument noise (𝐄), forward model error (𝐅), and representativeness error (𝐌), together with the total uncertainty. 

Frequency 

(GHz) 
Instrument noise  

E [K] 
Radiative transfer model error  

F [K] 
Representativeness error  

M [K] 
Total uncertainty 

R [K] 

22.24 0.33 0.46 0.39 0.69 

23.04 0.32 0.42 0.38 0.65 

23.84 0.28 0.37 0.33 0.57 

25.44 0.20 0.34 0.23 0.46 

26.24 0.17 0.34 0.20 0.43 

27.84 0.14 0.36 0.17 0.42 

31.40 0.14 0.42 0.17 0.48 

51.26 0.45 2.86 0.65 2.97 

52.28 0.44 3.04 0.63 3.14 

53.86 0.42 1.12 0.60 1.33 

54.94 0.45 0.14 0.64 0.80 

56.66 0.33 0.02 0.47 0.57 

57.30 0.30 0.02 0.42 0.52 

58.00 0.25 0.02 0.35 0.44 
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Figure 4: Inter-channel observation-error correlation matrix derived from the observation-error covariance matrix (𝐑) for the 14-255 
channel MWR. 

3.5 Background-error covariance matrix 

The background-error covariance matrix, 𝐁 , specifies how much weight is given to the a priori profile relative to the 

observations. It plays a crucial role in the retrieval because it ensures balance among variables in NWP models (Martinet et 

al., 2020), assigns weights to the background, and adjusts increments to derive the solution. In this study, 𝐁 is obtained from 260 

statistical background-error estimates for each level of temperature, humidity, and surface temperature from the UM-based 

background profile, interpolated to the 101 levels used in the observation operator. 
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4 Results 

4.1 Retrieval performance of the 1D-VAR system 

To evaluate the retrieval performance, the RMSE and bias of the O–B departures are compared with those of the observation 265 

minus the simulated TB derived from the 1D-VAR retrieval output (O–R). The RMSE of O–B reaches up to 2.6 K, whereas 

that of O–R does not exceed 0.8 K, with all channels showing lower RMSEs for O–R than for O–B. The reduction is 

particularly pronounced for the K-band channels near the centre of the water vapor absorption line, where large initial 

discrepancies are substantially reduced. A slight increase in mean bias (MB) of O–R is observed, particularly in channels 

sensitive to water vapor, which are more strongly influenced by the background. Figure 5 depicts histograms of O–B and O–270 

R for the study period. Panels (a) and (b) correspond to water vapor sensitive channels at K-band, whereas panels (c) and (d) 

show oxygen sensitive channels at V-band. Each panel includes skewness and full width at half maximum (FWHM). Skewness 

quantifies the asymmetry of a distribution, with positive or negative values indicating the direction of skewness, and its 

absolute value indicates its magnitude. The skewness of O–B is predominantly positive across most channels associated with 

large departures from the background. After retrieval, the skewness of O–R is reduced, indicating that the retrieval effectively 275 

suppresses large positive departures and leads to a more symmetric error distribution centered around zero. O–R exhibits a 

smaller FWHM than O–B, indicating a narrower spread and reduced variability. A Kolmogorov–Smirnov test at the 5 % 

significance level indicates statistically significant differences between the O–B and O–R distributions for each channel. 

Overall, these results suggest that the retrieval reduces TB departures and yields consistent behavior across channels, 

supporting the robustness of the retrieval system.  280 

https://doi.org/10.5194/egusphere-2026-3545
Preprint. Discussion started: 3 August 2026
c© Author(s) 2026. CC BY 4.0 License.



13 

 

Figure 5: Histograms of TB departures for O–B (blue) and O–R (red) over the study period for (a) 23.84 GHz, (b) 27.84 GHz, (c) 

54.94 GHz and (d) 56.66 GHz. 

4.2 Validation of retrieved profiles 

The 1D-VAR retrievals were validated against radiosondes from 137 launches during the IOPs; clear-sky conditions were met 285 

in 41 cases, and the results were compared with those from the background and the manufacturer-provided neural network 

(NN) retrievals. The NN retrievals were computed using the internal HATPRO MWR software from TBs without bias 

correction, whereas the 1D-VAR retrievals were based on bias-corrected TBs. 
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During the validation periods, 41 1D-VAR retrievals were matched with radiosondes. Figure 6 presents the RMSE and bias of 

the 1D-VAR retrievals (red), NN retrievals (black), and background (blue), each calculated relative to the radiosondes. 290 

In the temperature validation, both the 1D-VAR retrievals and the background exhibit negative biases, underestimating 

temperatures compared to the radiosonde. The largest negative bias (–1.07 K) is found in the background near the surface, 

while the smallest bias, close to zero, is observed around 1,550 m for both the background and the 1D-VAR retrievals. The 

NN retrievals also display negative biases at all altitudes, decreasing from the surface to about 230 m, and then gradually 

increasing with height. The negative bias probably originates from spectroscopic biases in the absorption models (Cimini et 295 

al., 2006). 

The RMSE of the 1D-VAR retrievals gradually decreases with height up to approximately 400 m (to 1.04 K), reaches a 

maximum of 1.32 K at around 800 m, indicating a height-dependent variation in retrieval performance. The NN retrievals have 

an RMSE of 1.49 K near the surface, which increases with height to about 3.1 K. Conversely, the background RMSE increases 

toward the surface, with the largest value (1.73 K) in the lowest layer. 300 

The accuracy of the 1D-VAR retrievals is similar to that of the NN retrievals from the surface to 1000 m, whereas above this 

altitude, it more closely matches the performance of the background. These results are consistent with Martinet et al. (2015). 

The overall RMSE of the 1D-VAR temperature retrievals is 1 K, which is lower than that of the background (1.15 K), 

representing an improvement of approximately 23 % below 1000 m and 12 % across all altitudes. This indicates that the 1D-

VAR retrievals provide most of the information in the lower atmospheric layers. 305 

For the RMSE of humidity profiles, the NN retrievals showed larger values than other profiles, particularly in the lower layer. 

The 1D-VAR retrieval and background exhibited similar trends. The 1D-VAR retrieval demonstrated a slight improvement 

over the background. Although the rate of error reduction was lower than that for temperature, the maximum reduction reaches 

approximately 0.2 𝑔 𝑘𝑔−1 at 720 m (with a bias of 0.14 𝑔 𝑘𝑔−1 at 530 m). Overall, the RMSE of the 1D-VAR humidity 

retrievals showed a 9 % improvement compared to the background, including a 12 % improvement in the lower layer.  310 

The 1D-VAR retrieval estimates the optimal atmospheric state by combining MWR observations and the background. The 

retrieval was strongly influenced by the MWR in the lower layers, whereas it relies more heavily on the background above 

1000 m. The radiosonde validation confirmed that the 1D-VAR retrieval outperforms the background below 1000 m, 

particularly for the temperature profiles.  

https://doi.org/10.5194/egusphere-2026-3545
Preprint. Discussion started: 3 August 2026
c© Author(s) 2026. CC BY 4.0 License.



15 

 315 

Figure 6: Vertical profiles of RMSE (solid lines) and bias (dashed lines) for temperature and humidity, comparing the 1D-VAR 

retrievals (red), background profiles (blue), and MWR neural network retrievals (black) relative to radiosondes during the IOPs. 

4.3 Impact of correlated observation-error covariance matrix 

The correlated observation-error covariance matrix (FULL) reflects a more realistic error structure than the diagonal 

observation-error covariance matrix (DIAG) and can improve retrieval performance. To assess the impact of using FULL in 320 

the 1D-VAR system, we compared the results with those obtained using DIAG, in which only the diagonal elements of the 

FULL are retained and all off-diagonal elements are set to zero. Using the quality-controlled set of 24 312 observations, both 

configurations achieved near-identical success rates. FULL converged faster among successful retrievals. About 5.7 % of 

successful cases terminated after a single iteration, while most terminated after two iterations, and the remainder converged 

by the third iteration. In contrast, the corresponding fraction for DIAG was only 0.1 %; most successful DIAG retrievals 325 

required two iterations, and a few cases needed up to six iterations. In addition, the FULL configuration reduced the total 

elapsed processing time (real time) from 83 min 17.880 s to 81 min 8.708 s in our benchmark run, indicating a modest 

computational efficiency gain (about 2.6 %). These results indicate that accounting for inter-channel observation-error 

correlations improves convergence efficiency. 

In the validation against radiosonde observations during the IOPs (41 cases, clear-sky), all retrieved profiles were closer to the 330 

radiosonde observations than the NWP background. FULL showed smaller errors than DIAG, with the largest temperature 
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difference (0.22 K) occurring at 677 m within the transition layer between the developing mixed layer and the residual layer. 

For humidity, the maximum difference of 0.54 𝑔 𝑘𝑔−1 occurs at 4800 m under dry atmospheric conditions. 

Statistically, FULL further reduced the RMSE by 1.02 % for temperature and 4.52 % for humidity below 1000 m with respect 

to DIAG. However, DIAG showed slightly lower temperature RMSE between 400 m and 1000 m (Fig. 7). To investigate this, 335 

an additional experiment was conducted where the inter-channel correlations among the V-band temperature channels were 

weakened by scaling the off-diagonal elements to 0.05, which was found to be the optimal threshold in this study (FULL.wt). 

Consequently, while the temperature RMSE of FULL.wt increased slightly below 400 m, it showed consistently improved 

performance compared with DIAG below 1000 m. These results are consistent with the physical characteristics of the Jacobians. 

For channels above 54 GHz, the weighting functions exhibit strong peaks below 400 m, where the observational signal is 340 

dominant. Therefore, the temperature RMSE is minimized by effectively reducing observational noise using inter-channel 

error correlations.  

Meanwhile, the Jacobians overlap between 400 m and 1000 m, indicating relatively weak sensitivity. This suggests that the 

FULL may, in this layer, down-weight overlapping information, which may lead to a slight reduction in the actual atmospheric 

signal. By adjusting the inter-channel correlation weighting (FULL.wt), the noise-removal effect in the lowest layer is 345 

preserved, while signal loss in the transition layer is mitigated, thereby achieving optimized retrieval performance across all 

altitudes.  

In humidity retrievals, the use of correlated information yields larger improvements than in temperature retrievals. This can be 

attributed to the vertically broad distribution and similar shapes of the humidity Jacobians, which enhance the effectiveness of 

inter-channel information. These results indicate that the FULL configuration consistently yields lower bias and RMSE than 350 

DIAG up to 3000 m. Based on these findings, FULL.wt is adopted in the following analyses and is hereafter referred to as 

FULL unless otherwise stated. 
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Figure 7: Vertical profiles of RMSE (solid lines) and bias (dashed lines) for temperature and humidity, comparing the 1D-VAR 

retrievals of DIAG (blue), FULL (orange), and FULL.wt (red), all relative to radiosondes during the IOPs. 355 

4.4 Case study 

In this section, the 1D-VAR retrieval outputs are analyzed in the context of temporal atmospheric changes observed during the 

IOPs on 22–23 September 2016. During this event, the convective mixed layer developed up to 2,000 m by 15 LST on 22 

September following sunrise. After sunset (18 LST), temperatures in the lower atmosphere decreased due to surface cooling, 

and a stable layer formed and deepened to about 500 m by 03 LST on 23 September. With the onset of sunrise, surface heating 360 

from solar radiation initiated the development of unstable atmospheric conditions. 

Figure 8 presents the time series of temperature-difference profiles for (a) background minus radiosonde and (b) 1D-VAR 

retrieval minus radiosonde. From 15 to 21 LST on 22 September, the background exhibits a relatively positive bias below 

1000 m under convective conditions. Following sunset, the boundary layer transitions toward stable conditions, and the 

background bias shifts to negative values and becomes increasingly pronounced, indicating an underestimation of the nighttime 365 

cooling structure in the lower layer. After sunrise (06 LST on 23 September), the strong negative bias (Fig. 8a) further suggests 

that the background fails to capture daytime warming, with a maximum difference of approximately –4.16 K around 400 m at 

09 LST.  
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At 15 LST on 22 September, when the background shows a positive bias, the 1D-VAR retrieval exhibits an opposite bias under 

unstable conditions with a slightly larger magnitude. After 21 LST, the 1D-VAR retrieval generally reduces the magnitude of 370 

the lower-tropospheric biases. The FULL configuration reduces this bias more effectively than the DIAG configuration, with 

a maximum reduction of 38 %. During the evening-to-nocturnal stabilization and the subsequent morning redevelopment, the 

negative bias of the 1D-VAR retrieval remains relatively small below 1000 m, indicating that it captures near-surface 

variability of the evolving boundary layer structure better than background. 

Around 2000 m, both profiles show the same bias direction and similar magnitudes of temperature differences. In the upper 375 

layer, the temperature differences remain similar to those of the background, reflecting the strong dependence of the retrieval 

on the background. These results indicate that the 1D-VAR retrieval effectively reproduces temperature changes in the lower 

layer, consistent with the substantial error reduction below 1000 m shown in Fig. 6. 

In contrast to temperature, the humidity difference profiles for the background and the 1D-VAR retrieval are generally similar. 

Below 2500 m, most profiles exhibit a negative bias, indicating an underestimation compared to the radiosonde. Large negative 380 

biases appear on 23 September, with the magnitude of the bias in the 1D-VAR retrieval being smaller than that in the 

background. Unlike the time series of temperature differences, where the 1D-VAR retrieval shows substantial improvement 

in the lower layer, the humidity bias remains negative across time and altitude, although its magnitude varies. 

 

Figure 8: Time series of temperature differences on 22-23 September: (a) background minus radiosonde, and (b) 1D-VAR retrieval 385 
minus radiosonde. 

5. Summary and Conclusions 

This study developed and evaluated a clear-sky 1D-VAR retrieval system for ground-based MWR observations at the Jungnang 

site in Seoul during 2015–2016, and examined the impact of incorporating inter-channel observation-error correlations into 

the observation-error covariance matrix on retrieval performance. In the first part, QC was implemented through clear-sky 390 

screening and O–B monitoring to ensure that the assumptions required for 1D-VAR retrievals were met. Because K-band 
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channels are sensitive to clouds and precipitation, a cloud detection algorithm and the TB variability at 31.4 GHz were used 

to remove cloudy cases and exclude rain-flagged data. For V-band channels, discontinuities in O–B were observed after LN2 

calibration due to water condensation on the aluminum plate reflector and radiometer radome, as well as a non-homogeneous 

coverage of the absorber with LN2, which hindered retrieval convergence. To mitigate these effects, systematic bias correction 395 

was applied within each calibration interval. As a result, biased data were removed, and outliers better satisfied the 1D-VAR 

assumptions. 

The second part focused on configuring the 1D-VAR system and specifying the observation-error covariance matrix (𝐑). Using 

samples derived from bias-corrected, clear-sky MWR observations during the IOPs, we derived a correlated 𝐑 that represents 

inter-channel error correlations. In the 26–54 GHz range, 𝐅 is the dominant contributor, whereas above 54 GHz, 𝐌 becomes 400 

dominant. The total uncertainties reach their maximum near 51–52 GHz. The correlation structure indicated strong 

relationships among K-band channels and among the more transparent V-band channels.  

In the third part, retrieval performance for the FULL configuration was evaluated. For all channels, the O–R RMSEs were 

lower than the O–B RMSEs, with particularly pronounced reductions at 22.24 GHz. In addition, the O–R residual distributions 

were closer to Gaussian, indicating stable retrieval behavior. Radiosonde validation showed that the 1D-VAR retrievals 405 

outperformed LDAPS background below 1000 m, reducing temperature RMSE by up to 23 % and humidity RMSE by about 

12 %.  

To further evaluate the impact of inter-channel error correlations, we performed a direct comparison between FULL and its 

diagonal counterpart, DIAG. In this comparison, FULL increased the fraction of one-iteration retrievals (5.7 % compared with 

0.1 %) and reduced the total elapsed runtime by 2.6 % in our benchmark run. In radiosonde validations, FULL outperformed 410 

DIAG, reducing the RMSE by 1.02 % for temperature and 4.52 % for humidity below 1000 m. However, for temperatures 

between 400 m and 1000 m, FULL misinterpreted effective channel signals as noise, resulting in a larger RMSE than DIAG. 

By scaling the off-diagonal elements of V-band channels to 0.05, the algorithm consistently improved temperature retrieval 

performance below 1000 m while maintaining humidity accuracy. 

In summary, the developed clear-sky 1D-VAR system effectively utilizes MWR observations to enhance lower-tropospheric 415 

thermodynamic profiling. The retrieved profiles captured near-surface variability and better represented boundary-layer 

transition processes than the background. Explicitly accounting for inter-channel observation-error correlations primarily 

improves numerical stability and convergence efficiency, while also improving radiosonde-validated accuracy. Future work 

will incorporate low-elevation angle TB observations and extend the framework to a wider range of weather conditions beyond 

clear-sky cases to further improve robustness and applicability. 420 
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