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ABSTRACT 16 

In NWP, the assimilation of various observations contributes to improving forecast 17 

accuracy. The contribution of each observation can be estimated by existing methods. 18 

Empirically, it is well known that only a fraction of assimilated observations are diagnosed as 19 

beneficial, meaning that they improve forecast accuracy. Previous studies have indicated that 20 

the beneficial observation rate depends on model imperfections. Building on this sensitivity, 21 

we propose a new method that uses the beneficial observation rate to trigger adaptive model 22 

parameter estimation for mitigating model errors and bias. Specifically, the method activates 23 

model parameter estimation when the beneficial observation rate exceeds a prescribed 24 

threshold. Using the Lorenz96 40-variable system, we demonstrate that the new approach 25 

successfully detects model bias and improves analysis accuracy, even when the true model 26 

parameter varies in time. Furthermore, we find that the beneficial observation rate is useful 27 

for detecting model bias even when the model and observations have similar biases, in which 28 

case the time-averaged observation-minus-background does not provide a clear signal of the 29 

bias.  30 

SIGNIFICANCE STATEMENT 31 

In weather forecasting, many observations are combined with model forecasts to estimate 32 

the initial conditions for the next forecast. However, only some observations actually help 33 

improve forecast accuracy. Building on the fact that the proportion of beneficial observations 34 

is sensitive to model imperfections, we propose a new method that uses this rate to detect 35 

model imperfections and correct them. Using a low-dimensional system, we demonstrate that 36 

the proposed method can improve the estimated initial conditions. Future research should test 37 

the proposed method in a realistic weather forecasting system. 38 

 39 

1. Introduction 40 

In numerical weather prediction (NWP), data assimilation (DA) plays an important role in 41 

producing improved initial conditions. Specifically, DA combines various observations and 42 

model forecasts based on their uncertainties to obtain the best estimate of the current 43 

atmospheric state and thereby helps reduce forecast errors. Although DA generally estimates 44 

model state variables such as wind and temperature, it can also estimate uncertain model 45 

parameters such as empirical coefficients in parameterization schemes. Several studies have 46 
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successfully estimated various model parameters and mitigated detrimental impacts of model 47 

imperfections including model errors and bias (e.g., Anderson 2001; Aksoy et al. 2006a,b; 48 

Jung et al. 2010; Ruiz et al. 2013a,b; Schirber et al. 2013; Kotsuki et al. 2018, 2020; Nystrom 49 

et al. 2021, 2023; Sueki et al. 2022). Despite these successes, stably estimating model 50 

parameters remains challenging. Given discrepancies between observations and simulations, 51 

it is not straightforward to determine whether these differences arise from errors in model 52 

parameters or in state variables (Sawada and Duc 2024; Ruiz et al. 2013a,b). In other words, 53 

it is desirable to identify errors caused by model imperfections and determine when 54 

parameter estimation is needed.  55 

In operational atmospheric DA systems, observations are routinely collected from various 56 

observing systems such as upper-air soundings, ships, buoys, aircraft, surface stations, 57 

weather radars, and satellites. The contribution of each observation to forecast error 58 

reduction, referred to as forecast sensitivity to observations (FSO), can be estimated using 59 

variational (Langland and Baker 2004) and ensemble-based methods (Kalnay et al. 2012). 60 

These methods have been widely used to identify beneficial (detrimental) observations that 61 

improve (degrade) forecast accuracy (e.g., Ota et al. 2013; Sommer and Weissmann 2014; 62 

Hotta et al. 2017; Ishibashi 2018; Chen and Kalnay 2020; Yamazaki et al. 2021; Privé et al. 63 

2021; Yamazaki et al. 2023; Gasperoni et al. 2024; Honda et al. 2026).  64 

It is well known that only a fraction of observations are diagnosed as beneficial. The 65 

proportion of beneficial observations among all observations, hereafter referred to as the 66 

beneficial observation rate, is typically 50–60% in practice (Lorenc and Marriott 2014; Hotta 67 

et al. 2017; Bormann et al. 2019; Samrat et al. 2025). Using a toy system, Lorenc and 68 

Marriott (2014) demonstrated that this moderate beneficial observation rate is associated with 69 

several factors such as the coexistence of decaying and growing modes, observation errors, 70 

errors in the reference used to evaluate forecast accuracy, and imperfect specification of 71 

background error covariance. Consistent with this, Kotsuki et al. (2019) and Privé et al. 72 

(2021) showed that self-analysis verification overestimates FSO in atmospheric DA systems. 73 

Kotsuki et al. (2019) also demonstrated that this overestimation can be mitigated to some 74 

extent by using the observation-based metric proposed by Sommer and Weissmann (2016). 75 

Model imperfections also affect the beneficial observation rate (Lorenc and Marriott 76 

2014; Dahoui et al. 2017). Necker et al. (2018) found that the FSO impacts of observations 77 

that correct model bias are overestimated. Privé et al. (2021) pointed out that the beneficial 78 
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impacts of observations rapidly decrease as the forecast lead time increases in the presence of 79 

model bias. These effects of model imperfections on the beneficial observation rate suggest 80 

that this metric may be useful for detecting model imperfections. However, despite these 81 

findings, it remains unclear whether the beneficial observation rate can be used as a practical 82 

indicator of model imperfections and incorporated into a model parameter estimation 83 

framework. 84 

This study proposes a new FSO-based parameter estimation approach that exploits the 85 

sensitivity of the beneficial observation rate to model imperfections. In this approach, we use 86 

the beneficial observation rate obtained from FSO as a proxy for model imperfections, and 87 

parameter estimation is activated when the rate exceeds a prescribed threshold. We use the 88 

Lorenz96 40-variable system (Lorenz and Emanuel 1998), a widely used DA testbed, to 89 

investigate the sensitivity of the beneficial observation rate to model imperfections and 90 

evaluate the performance of the proposed approach. As shown later, the proposed approach 91 

can detect model imperfections and facilitate their correction through parameter estimation in 92 

the Lorenz96 40-variable system. 93 

The remainder of this article is structured as follows. Section 2 describes the methodology 94 

for the Lorenz96 40-variable system experiments, and Section 3 presents the results and 95 

discussion. Finally, Section 4 summarizes the findings and provides concluding remarks. 96 

2. Methodology 97 

a. Lorenz96 40-variable model 98 

1) MODEL EQUATION 99 

This study uses the 40-variable model from Lorenz and Emanuel (1998), which has been 100 

extensively used as a testbed for various data assimilation studies (e.g., Miyoshi 2005; 101 

Kotsuki et al. 2017; Kurosawa and Poterjoy 2021; Tomizawa and Sawada 2021; Honda and 102 

Yamazaki 2024). The governing equation of the model is 103 

 
𝑑𝑥!
𝑑𝑡 = %𝑥!"# − 𝑥!$%'𝑥!$# − 𝑥! + 𝐹, (1) 

where 𝑗 denotes the grid index (𝑗 = 0,1, … ,39),	𝑥! is the state variable at the 𝑗-th grid point, 𝑡 104 

is the time, and 𝐹 is the forcing term. 𝐹 characterizes the behavior of the dynamical system. 105 

As 𝐹 increases, the system behavior becomes more chaotic. As in previous studies, we set 106 
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𝐹 = 8.0 as the default value. According to Lorenz and Emanuel (1998), 𝐹 = 8.0 produces 107 

chaotic system behavior and a non-dimensional time interval of 0.05 corresponds to 6 h in the 108 

real atmosphere based on forecast error growth. Periodic boundary conditions are applied. As 109 

in Chen and Kalnay (2019), the model is integrated with a non-dimensional time interval of 110 

0.05 using the 4th-order Runge-Kutta method. 111 

2) NATURE RUNS AND SYNTHETIC OBSERVATIONS 112 

We perform two nature runs for observing-system simulation experiments (OSSEs). The 113 

first nature run is the baseline and uses a globally constant forcing term with 𝐹 = 8.0, 114 

whereas the second nature run uses a time-varying forcing term at grid points with 𝑗 between 115 

20 and 24. In the second nature run, the forcing term is varied in time as 𝐹(𝑡) = 8.0 +116 

𝐹&'( cos%2𝜋𝑡)*+(/𝑡(+,-./', where 𝐹&'( is the amplitude (=2.0), 𝑡)*+( is the number of time 117 

steps, and 𝑡(+,-./ is the period. 𝑡(+,-./ is set to 4 × 365 × 5 = 7,300 time steps, which 118 

corresponds to 5 years in the dynamical model. 119 

The initial conditions for the nature runs are set following previous studies (e.g., Honda 120 

and Yamazaki 2024). Specifically, we use initial conditions of 𝑥 = 8.0 at all grid points, 121 

except at one grid point, where 𝑥 = 8.01. We integrate the model for 200,500 time steps. 122 

Synthetic observations are generated by adding Gaussian noise, 𝑁(0.0,1.0), to the state 123 

variables of the nature runs. For simplicity, we assume that the state variables are directly 124 

observed at every time step and every grid point. 125 

b. Data assimilation 126 

1) STATE ESTIMATION 127 

We use the local ensemble transform Kalman filter (LETKF, Hunt et al. 2007), a variant 128 

of the ensemble Kalman filter (EnKF, Evensen 1994; Houtekamer and Zhang 2016), as the 129 

DA method. Our implementation of LETKF follows Miyoshi and Yamane (2007) and 130 

Miyoshi et al. (2007), in which state variables are locally updated at each grid point using 131 

observations close to the target grid point. Specifically, to estimate state variables at each grid 132 

point, observations within a distance of 2B10 3⁄ 𝜎0 are used, where 𝜎0 is the horizontal 133 

localization scale. Observation errors are inflated as the distance increases using the Gaspari 134 

and Cohn (1999) function. To maintain a sufficient amount of ensemble spread, we employ a 135 
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simple multiplicative covariance inflation with coefficient 𝜌. We test various combinations of 136 

𝜎0 (0.5–10.0) and 𝜌 (1.00–1.20) in Section 3a.  137 

In each experiment with a different combination of 𝜎0 and 𝜌, we perform 20,000 DA 138 

cycles starting from the time step of 100,000. We prepare the ensemble initial conditions by 139 

randomly sampling states from the nature runs at time steps between 50,000 and 90,000.  140 

Throughout this study, the ensemble size is fixed at 40. 141 

2) ENSEMBLE FORECAST SENSITIVITY TO OBSERVATIONS (EFSO) 142 

This study uses the ensemble-based FSO (EFSO) formulation derived by Kalnay et al. 143 

(2012). FSO measures the forecast error reduction at verification time 𝑡 due to the 144 

assimilation of observations at time 0. Forecast errors are calculated against a reference state 145 

𝐱,+1 as follows: 146 

 𝐞*|3 = 𝐱*|3 − 𝐱,+1 ,  

 𝐞*|$# = 𝐱*|$# − 𝐱,+1 ,  

where 𝐱*|3 and 𝐱*|$# denote the forecast states valid at time 𝑡, initiated at times 0 and −1, 147 

respectively. Here, the time interval of DA cycles is assumed to be 1. Time 𝑡 represents the 148 

lead time of the EFSO evaluation forecast. In this study, unless otherwise stated, the EFSO 149 

evaluation forecast lead time is set to 1 time step and observations are used as reference 150 

states. Using the error norm 𝐂, the forecast error reduction is calculated as follows: 151 

 Δ𝐞% = 𝐞*|34 𝐂𝐞*|3 − 𝐞*|$#4 𝐂𝐞*|$#,  

 = %𝐞*|3 − 𝐞*|$#'
4𝐂%𝐞*|3 + 𝐞*|$#',  

Using the forecast model’s Jacobian 𝐌, the Kalman gain 𝐊,  and the innovation vector 𝛿𝐲3, 152 

this equation can be approximated as: 153 

 Δ𝐞% ≈ [𝐌(𝐊𝛿𝐲3)]4𝐂%𝐞*|3 + 𝐞*|$#'.  

Substituting 𝐊 = 𝐀𝐇4𝐑$# = [1/(𝐾 − 1)]𝐗&(𝐗&)4𝐑$#, where 𝐀 is the analysis error 154 

covariance matrix, 𝐇 is the Jacobian of the observation operator, 𝐑 is the observation error 155 

covariance matrix, and 𝐾 is the ensemble size, yields  156 

 
Δ𝐞% ≈ V𝐌W

1
𝐾 − 1𝐗&

(𝐗&)4𝐇4𝐑$#𝛿𝐲3XY
4

𝐂%𝐞*|3 + 𝐞*|$#', 
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= V

1
𝐾 − 1𝐗1

(𝐗&)4𝐇4𝐑$#𝛿𝐲3Y
4

𝐂%𝐞*|3 + 𝐞*|$#', 
 

 
≈

𝛿𝐲34

𝐾 − 1𝐑
$#(𝐘&)4𝐗14𝐂%𝐞*|3 + 𝐞*|$#', 

 

where 𝐘& denotes the analysis ensemble perturbations in the observation space and 𝐗1 157 

denotes the forecast ensemble perturbations. The 𝑙-th element of Δ𝐞% corresponds to the 158 

contribution (i.e., EFSO impact) of the 𝑙-th observation. As in Hotta et al. (2017), 159 

observations with negative EFSO impacts are referred to as beneficial. Given samples of 160 

EFSO impacts at each grid point from DA cycles, the beneficial observation rate is calculated 161 

as the proportion of negative (beneficial) EFSO impacts among the samples. In this study, as 162 

in Chen and Kalnay (2019), the error norm is set to the identity matrix. The spatial 163 

localization for EFSO is applied as in LETKF. 164 

3) PARAMETER ESTIMATION USING EFSO 165 

This study estimates not only the state variables but also the model parameter (𝐹). We use 166 

the state augmentation method that extends the state vector to include model parameters 167 

(Anderson 2001; Aksoy et al. 2006b,a; Ruiz et al. 2013a). This enables simultaneous 168 

estimation of both the state variables and model parameters, provided that perturbations in 169 

model parameters result in a detectable response in observations (Nystrom et al. 2021, 2023). 170 

As Eq. (1) indicates, 𝐹 affects the local tendency at each grid point. Therefore, for parameter 171 

estimation, we use a tight localization scale of 1.0. The covariance inflation coefficient for 172 

parameter estimation is set to 1.02. We perform a total of 20,000 DA cycles. As spin-up, we 173 

do not activate parameter estimation in the first 2,000 cycles. 174 

The proposed new approach uses the beneficial observation rate from EFSO to trigger 175 

parameter estimation. Specifically, after spin-up, the beneficial observation rate at each grid 176 

point is calculated using EFSO against observations over the previous 400 DA cycles, which 177 

is larger than the sample size suggested by Lorenc and Marriott (2014). If the beneficial 178 

observation rate exceeds a threshold value, random ensemble perturbations sampled from 179 

𝑁(0.0,0.1%) are added to 𝐹 at the grid points where the beneficial observation rate exceeds 180 

the threshold value and at the neighboring grid points. At these grid points, parameter 181 

estimation is activated, whereas at the other grid points the ensemble spread of 𝐹 remains 182 

zero and no parameter estimation is performed. If the beneficial observation rate falls below 183 
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the threshold value, the value of 𝐹 is set to the ensemble mean in all ensemble members and 184 

parameter estimation is deactivated. 185 

For comparison with the proposed EFSO-based approach, we also perform additional 186 

experiments in which parameter estimation is conducted without using EFSO. In these cases, 187 

parameter estimation is activated by adding random perturbations from 𝑁(0.0,0.1%) at all grid 188 

points after the first 2,000 DA cycles, regardless of the beneficial observation rate.  189 

c. Model and observation biases in each case 190 

We consider a total of eight cases (Table 1). Cases 1–3 use the baseline nature run. In 191 

these cases, the true forcing term 𝐹 is globally constant at 8.0. Case 1 uses the perfect model 192 

for the DA system, in which 𝐹 is identical to that in the first nature run, without parameter 193 

estimation (hereafter NatureConst-Perfect-NoPE). Case 2 is the same as Case 1, except that it 194 

assumes a spatially varying model bias in the DA system (hereafter NatureConst-Biased-195 

NoPE). Specifically, the DA system uses an imperfect model in which 𝐹 is set to 10.0 for 𝑗 196 

between 20 and 24, and to 8.0 elsewhere. Case 3 is the same as NatureConst-Biased-NoPE, 197 

except that parameter estimation is performed with the new approach (hereafter NatureConst-198 

Biased-PE). Case 4 is the same as NatureConst-Biased-PE, except that parameter estimation 199 

is activated without the new approach (i.e., regardless of the EFSO results) (hereafter 200 

NatureConst-Biased-PE-NoEFSO).  201 

Cases 5–7 use the second nature run, in which 𝐹 varies in time. Case 5 does not perform 202 

parameter estimation (hereafter NatureVary-Biased-NoPE). Cases 6 and 7 perform parameter 203 

estimation with EFSO (new approach) and without EFSO, respectively (hereafter 204 

NatureVary-Biased-PE and NatureVary-Biased-PE-NoEFSO). Case 8 uses the baseline 205 

nature run and the imperfect model as in NatureConst-Biased-PE, but includes observation 206 

bias for 𝑗 between 20 and 24 (hereafter NatureConst-Biased-ObsBias-PE).  207 

Strictly speaking, differences in 𝐹 between the nature runs and the model used for a DA 208 

system are model errors rather than model bias. In practice, however, increasing the value of 209 

𝐹 results in a larger value of the state variables (Eq. (1)), corresponding to model bias. 210 

Therefore, for simplicity, we refer to differences in 𝐹 as model bias throughout this article. 211 
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Case 

number 

Case name Nature run Model used for the 

DA system 

Observation 

bias 

Parameter 

estimation 

(PE) 

1 NatureConst-

Perfect-

NoPE 

Baseline 

(globally 

constant 𝐹 =

8.0) 

Perfect model 

(globally constant 

𝐹 = 8.0) 

None No 

2 NatureConst- 

Biased-NoPE 

Baseline  Imperfect model 

(𝐹 = 10.0 for 

𝑗=20–24 and 𝐹 =

8.0 elsewhere) 

None No 

3 NatureConst-

Biased-PE 

Baseline  Imperfect model  None Yes 

4 NatureConst-

Biased-PE-

NoEFSO 

Baseline  Imperfect model  None Yes, but 

without 

EFSO 

5 NatureVary-

Biased-NoPE 

Time-

varying 𝐹 

Imperfect model  None No 

6 NatureVary-

Biased-PE 

Time-

varying 𝐹 

Imperfect model  None Yes 

7 NatureVary-

Biased-PE-

NoEFSO 

Time-

varying 𝐹 

Imperfect model  None Yes, but 

without 

EFSO 

8 NatureConst-

Biased-

ObsBias-PE 

Baseline Imperfect model  Observation 

bias for 

𝑗=20–24 

Yes 

Table 1. Summary of the eight cases in this study. 212 

 213 

3. Results and discussion 214 
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First, using NatureConst-Perfect-NoPE and NatureConst-Biased-NoPE (Table 1), we 215 

investigate the impacts of model bias on the accuracy of DA and the beneficial observation 216 

rate. Second, using NatureConst-Biased-PE, we test our proposed approach that uses the 217 

beneficial observation rate as a driver of model parameter estimation. Third, using 218 

NatureVary-Biased-PE and NatureConst-Biased-ObsBias-PE, we investigate the sensitivity 219 

of the new method to experimental settings. 220 

a. Impacts of model bias 221 

As demonstrated in previous studies (e.g., Miyoshi 2005; Kurosawa and Poterjoy 2021), 222 

the analysis accuracy of EnKF systems depends on both the covariance inflation coefficient 223 

(𝜌) and localization scale (𝜎). Specifically, in NatureConst-Perfect-NoPE in which the model 224 

used for LETKF has no bias, root-mean squared errors (RMSEs) become smaller for smaller 225 

𝜌 and larger 𝜎 (Figure 1a). In this case, the smallest RMSE is achieved by a combination of 226 

𝜎 = 10.0 and 𝜌 = 1.02. In NatureConst-Biased-NoPE in which the model has spatially 227 

varying bias (Table 1), the Lorenz96-LETKF system requires a stronger inflation (𝜌 =1.20) 228 

and narrower localization (𝜎 =3.0) to achieve the smallest RMSE (Figure 1b). This 229 

combination of 𝜌 and 𝜎 is used for calculating the time-mean beneficial observation rate in 230 

NatureConst-Biased-NoPE and experiments in Sections 3b and 3c. 231 

The beneficial observation rate is sensitive to model bias. Specifically, when the model 232 

used for LETKF has no bias (i.e., NatureConst-Perfect-NoPE), the beneficial observation rate 233 

is smaller than 52% in most cases (Figure 1c). In contrast, when the model used for LETKF 234 

has spatially varying model bias (i.e., NatureConst-Biased-NoPE), the beneficial observation 235 

rate is higher than that in NatureConst-Perfect-NoPE (Figure 1d). The rate is particularly high 236 

when LETKF exhibits filter divergence (higher RMSEs), likely because most observations 237 

contribute to mitigating model bias.  238 

The beneficial observation rate at each grid point (observation location) clearly depends 239 

on whether model bias is present at each grid point. We calculate the time-averaged 240 

beneficial observation rate and EFSO impacts at each grid point in the best-performing 241 

experiment. The time-averaged beneficial observation rate at the grid points with model bias 242 

is clearly higher than that at the other grid points (black curves in Figure 2). In particular, the 243 

beneficial observation rate when observations are used as reference states exceeds 56% at the 244 

grid points with model bias (blue shaded regions in Figure 2a), whereas the rate at the other 245 

grid points is approximately 53%. Similar characteristics are found in the mean EFSO 246 
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impacts (magenta curves in Figure 2). The differences in the beneficial observation rate and 247 

mean EFSO impacts among the grid points are more evident when observations are used as 248 

reference states in EFSO (Figure 2), likely because own analyses are also affected by model 249 

bias. In summary, the beneficial observation rate at each grid point clearly depends on 250 

whether the model has bias there, indicating that the rate can be used to detect model bias.  251 

 252 

Figure 1: (a), (b) Analysis root-mean-squared errors (RMSEs) and (c), (d) beneficial 253 
observation rates (%) diagnosed by EFSO in each experiment. The 𝑥 and 𝑦 axes are the 254 
localization scale (𝜎) and covariance inflation coefficient (𝜌), respectively. (a) and (c) are 255 
NatureConst-Perfect-NoPE in which the model used for LETKF has no bias, whereas (b) and 256 
(d) are NatureConst-Biased-NoPE in which the model used for LETKF has model bias. 257 
Yellow stars in (a) and (b) indicate the parameter combination that achieved the smallest 258 
analysis RMSE. Analysis RMSEs and beneficial observation rates are calculated over 18,000 259 
DA cycles after 2,000 DA cycles for spin-up. 260 
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 261 

Figure 2: Beneficial observation rate (black curve, %) and time-averaged EFSO impact 262 
(dashed magenta curve), based on (a) observations and (b) own analyses as references, at 263 
each grid point in NatureConst-Biased-NoPE in which the model used for LETKF has bias at 264 
grid points 20–24 (blue shaded regions). The ensemble size, localization scale (𝜎), inflation 265 
coefficient (𝜌), and EFSO evaluation time step are 40, 3.0, 1.20, and 1, respectively. The 266 
beneficial observation rate and time-averaged EFSO impact are calculated over 18,000 DA 267 
cycles after 2,000 DA cycles for spin-up. 268 

b. Parameter estimation using the beneficial observation rate 269 

In this subsection, we test our new approach that uses the beneficial observation rate to 270 

trigger model parameter estimation. First, we evaluate the performance of the new approach 271 

(NatureConst-Biased-PE) by comparing it with the experiment without parameter estimation 272 

(NatureConst-Biased-NoPE) and without using EFSO for parameter estimation 273 

(NatureConst-Biased-PE-NoEFSO). Since the beneficial observation rate exceeds 55% at the 274 

grid points with model bias (Figure 2a), the threshold value of the beneficial observation rate 275 

is set to 55%.  276 

The proposed method successfully detects model bias using the beneficial observation 277 

rate and mitigates it through parameter estimation. Specifically, during the first 2,000 DA 278 

cycles without parameter estimation, higher beneficial observation rates are found around the 279 
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grid points with model bias than at the surrounding grid points (Figure 3a and Figure 3c). In 280 

response to these high beneficial observation rates, the new approach introduces ensemble 281 

perturbations to the forcing term 𝐹 (Figure 3b) and model parameter estimation is activated. 282 

As a result, the model forcing term 𝐹 is corrected toward the true value of 8.0 (Figure 3a) and 283 

parameter estimation is deactivated (i.e., the ensemble spread of 𝐹 becomes small (Figure 284 

3b)). Even after 𝐹 is corrected, parameter estimation is sporadically activated and then 285 

quickly deactivated.  286 

The proposed method improves the analysis accuracy as well. By estimating the model 287 

parameter, the analysis RMSE with the new approach is lower than that without parameter 288 

estimation (Figure 4a). Furthermore, the analysis RMSE with the new approach is lower than 289 

that from parameter estimation without EFSO, in the range between 1.01 and 1.06 of inflation 290 

coefficient for model parameter tested (Figure 4b). Parameter estimation without EFSO is 291 

more sensitive to inflation coefficient for model parameter compared to the new approach. In 292 

the new approach, the beneficial observation rate indicates when parameter estimation (i.e., 293 

large parameter ensemble spread) is required, so that the new approach is not very sensitive 294 

to inflation coefficient for parameter and can exhibit robust performance. Overall, the 295 

beneficial observation rate is successfully used to detect model bias and adaptively trigger 296 

parameter estimation. 297 

The beneficial observation rate is useful even if the true model parameter varies in time. 298 

We test the new approach by comparing NatureVary-Biased-NoPE and NatureVary-Biased-299 

PE, in which the true model parameter at grid points 20–24 oscillates. The beneficial 300 

observation rates at these grid points are higher than those at the other grid points (Figure 5a 301 

and Figure 5d). As a result, the DA system initiates parameter estimation around these grid 302 

points and successfully captures the parameter evolution with a lag (Figure 5b and Figure 5c). 303 

Indeed, the analysis RMSE with parameter estimation (i.e., NatureVary-Biased-PE) becomes 304 

smaller than that without parameter estimation (i.e., NatureVary-Biased-NoPE) (Figure 4c). 305 

Furthermore, the new approach is less sensitive to inflation coefficient of parameter 306 

compared to parameter estimation without EFSO (Figure 4d). 307 
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 308 

Figure 3: Hovmöller diagrams of (a) the estimated forcing term (𝐹), (b) the ensemble 309 
spread of 𝐹, and (c) beneficial observation rates (%) in NatureConst-Biased-PE, in which the 310 
true forcing term 𝐹 is globally constant at 8.0 everywhere but the model used for LETKF has 311 
bias in 𝐹 at grid points 20–24. The ensemble size, localization scale (𝜎), inflation coefficient 312 
(𝜌), and EFSO evaluation time step are 40, 3.0, 1.20, and 1, respectively.  313 

 314 

Figure 4: (a), (c) Time series of analysis RMSEs for (a) NatureConst-Biased-NoPE 315 
(black) and NatureConst-Biased-PE (magenta), in which the forcing term (𝐹) in the nature 316 
run is constant in time, and (c) NatureVary-Biased-NoPE (black) and NatureVary-Biased-PE 317 
(magenta), in which 𝐹 varies in time. Time-averaged analysis RMSEs in each experiment are 318 
shown in the legend. (b), (d) Time-averaged analysis RMSEs as a function of inflation 319 
coefficient for model parameter for (b) NatureConst-Biased-NoPE (dashed black line), 320 
NatureConst-Biased-PE without EFSO (solid black curve), and NatureConst-Biased-PE 321 
(solid magenta curve), and for (d) NatureVary-Biased-NoPE (dashed black line), 322 
NatureVary-Biased-PE without EFSO (solid black curve), and NatureVary-Biased-PE 323 
(magenta curve). 324 
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 325 

Figure 5: Similar to Figure 3, but showing (a) the true forcing term (𝐹), (b) the estimated 326 
forcing term (𝐹), (c) the ensemble spread of the forcing term, and (d) the beneficial 327 
observation rate (%) when the true 𝐹 varies in time (i.e., NatureVary-Biased-PE). 328 

c. Sensitivity to the EFSO verification forecast lead time and observation bias 329 

So far, we have used a fixed EFSO verification forecast lead time of 1 time step; 330 

however, previous studies have shown that the beneficial observation rate is sensitive to the 331 

verification forecast lead time (e.g., Hotta et al. 2017; Privé et al. 2021). We perform 332 

additional experiments with NatureConst-Biased-NoPE and NatureConst-Biased-PE, in 333 

which the model used for LETKF has a biased forcing term (𝐹 = 10.0) at grid points 20–24, 334 

with EFSO verification forecast lead times of 5, 10, 15, and 20 time steps and threshold 335 

values of the beneficial observation rate of 53%, 55%, 57%, 59%, and 61%.  336 

The beneficial observation rate depends on the EFSO verification forecast lead time. 337 

Specifically, the longer the EFSO verification forecast lead time, the lower the beneficial 338 

observation rate at the grid points with model bias (Figure 6a). This is consistent with 339 

previous studies (Hotta et al. 2017; Privé et al. 2021), which showed that the beneficial 340 

observation rate approaches 50% as the FSO verification forecast lead time increases. As a 341 

result, to detect model bias and correct it with parameter estimation, our new approach 342 



16 

File generated with AMS Word template 2.0 

requires lower threshold values of the beneficial observation rate as the EFSO verification 343 

forecast lead time increases (Figure 6b).  344 

The beneficial observation rate can capture model bias even if observations are biased 345 

(Figure 7a). We perform additional experiments with NatureConst-Biased-ObsBias-NoPE 346 

and NatureConst-Biased-ObsBias-PE, in which observations at grid points 20–24 have biases 347 

ranging from –2.0 to 2.0. The results indicate that the beneficial observation rate remains 348 

high around the grid points with model bias even if observations are biased. Observation bias 349 

often results in a small signal in the time-averaged observation-minus-background, especially 350 

when observations have a bias of +0.5, indicating that detecting the bias using the 351 

observation-minus-background would be challenging (Figure 7b). Interestingly, even in this 352 

case, the beneficial observation rate around the grid points with model bias is clearly higher 353 

than that at the other grid points, suggesting that the beneficial observation rate would be 354 

useful for detecting model bias. 355 

The improvement in analysis accuracy due to parameter estimation depends on 356 

observation bias (Figure 7c). Specifically, the analysis RMSE with positive observation bias 357 

is reduced by parameter estimation, whereas the analysis RMSE with negative observation 358 

bias is degraded by parameter estimation. The latter is a difficult case, as observation bias 359 

partially compensates for model bias. In this case, it would be necessary to simultaneously 360 

correct both model and observation biases. Nevertheless, the beneficial observation rate 361 

exhibits strong sensitivity to model bias even with observation bias and may provide useful 362 

insights into model bias. 363 
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 364 

Figure 6: (a) Similar to Figure 2, but showing the beneficial observation rate (%) for the 365 
EFSO verification forecast lead times of 1, 5, 10, 15, and 20 time steps in NatureConst-366 
Biased-PE. (b) Analysis RMSEs without parameter estimation (i.e., NatureConst-Biased-367 
NoPE) (gray) and with parameter estimation (i.e., NatureConst-Biased-PE) based on the 368 
EFSO verification forecast lead times of 1, 5, 10, 15, and 20 time steps (warm colors). 369 

 370 

Figure 7: Similar to Figure 6, but showing (a) the beneficial observation rate in the 371 
presence of observation bias at grid points 20–24. Warmer (cooler) colors denote positive 372 
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(negative) bias. (b) Analysis RMSE as a function of observation bias at grid points 20–24, 373 
with parameter estimation (i.e., NatureConst-Biased-ObsBias-PE) (stars) and without 374 
parameter estimation (i.e., NatureConst-Biased-ObsBias-NoPE) (circles).  375 

4. Summary and concluding remarks 376 

In NWP, DA of various observations contributes to improving forecast accuracy. FSO 377 

provides useful insights into the contributions of each observing system. Empirically, it is 378 

well known that the beneficial observation rate, defined as the proportion of beneficial 379 

observations that reduce forecast errors, is approximately 50–60% in practice. Previous 380 

studies demonstrated that this rate depends on several factors including model imperfections. 381 

The sensitivity of the beneficial observation rate to model bias indicates that the rate may be 382 

useful for detecting model bias. 383 

This study proposes using the beneficial observation rate to trigger adaptive parameter 384 

estimation. Specifically, parameter estimation is activated around the grid points where the 385 

beneficial observation rate exceeds a threshold value. We test this new approach using the 386 

Lorenz96 40-variable system with model bias in the forcing term. The results indicate that if 387 

the model is biased at several grid points, the beneficial observation rate around these grid 388 

points becomes higher than that at the other grid points (Figure 2). By detecting these high 389 

beneficial observation rates related to model bias, our new approach successfully activates 390 

parameter estimation and improves analysis accuracy (Figure 3 and Figure 4). The new 391 

approach also performs well even if the true model parameter (model bias) varies in time and 392 

is less sensitive to inflation coefficient for model parameter compared to parameter 393 

estimation without EFSO (Figure 4 and Figure 5). 394 

The performance of the new approach depends on several factors such as the verification 395 

forecast lead time in FSO, the threshold of the beneficial observation rate, and observation 396 

bias. As the verification forecast lead time increases, the beneficial observation rate 397 

approaches 50%, consistent with the previous studies, likely due to nonlinear forecast error 398 

growth (e.g., Hotta et al. 2017; Privé et al. 2021). In this case, the new approach requires 399 

lower threshold values of the beneficial observation rate to detect model bias (Figure 6). 400 

Furthermore, the beneficial observation rate may provide useful insights into model bias even 401 

if observations are biased. Specifically, when model bias and observation bias are similar, the 402 

time-averaged observation-minus-background contains only a weak signal, whereas the 403 

beneficial observation rate is clearly high around the grid points with model bias (Figure 7a). 404 
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In this case, however, parameter estimation fails to improve analysis accuracy and it would 405 

be necessary to simultaneously correct observation bias as well.  406 

In this study, we have investigated the characteristics of the beneficial observation rate, 407 

its potential to detect model bias, and its use as a trigger for parameter estimation using the 408 

Lorenz96 40-variable model. In future research, it would be necessary to test the new 409 

approach with more realistic models and observations. Furthermore, it would be interesting to 410 

incorporate the beneficial observation rate into advanced model parameter estimation 411 

methods (Sawada 2022; Sawada and Duc 2024). 412 
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