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Abstract

:

Hybrid data assimilation (DA) methods have received extensive attention in the field of numerical weather prediction. In this study, a hybrid gain data assimilation (HGDA) method that combined the gain matrices of ensemble and variational methods was first applied in the mesoscale version of the Global/Regional Assimilation and Prediction System (GRAPES_Meso). To evaluate the performance of the HGDA method in the GRAPES_Meso model, different DA schemes, including the three-dimensional variational (3DVAR), local ensemble transform Kalman filter (LETKF), and HGDA schemes, were compared across eight tropical cyclone (TC) cases, and FY-4A atmospheric motion vectors were assimilated. The results indicated that the HYBRID scheme outperformed the 3DVAR and LETKF schemes in TC position forecasting, and with ensemble forecasting techniques, the HYBRID scheme promoted the accuracy of the prediction TC intensity. The threat score (TS) values for the light and medium precipitation forecasts obtained in the HYBRID experiment were higher than those for the forecasts obtained in the 3DVAR and LETKF experiments, which may be attributed to the forecasting accuracy for the TC position. Regarding heavy and extreme rainfall, the HYBRID scheme achieved a more stable effect than those of the 3DVAR and LETKF schemes. The results demonstrated the superiority of the HGDA scheme in TC prediction with the GRAPES_Meso model.
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1. Introduction


Tropical cyclones (TCs), as some of the most devastating natural hazards in coastal areas, can cause notable loss of life and property each year [1,2]. Though advanced mesoscale weather models and computing facilities have considerably improved the TC prediction abilities [3,4], the uncertainties in models’ initial conditions (ICs) remain a challenge in TC track and intensity forecasting due to the lack of observations over the ocean [5]. In recent years, the abundance of satellite data has become an important complement in areas lacking observations, such as in southern oceans [6,7,8,9]. Therefore, the effective application of satellite data to TC forecasting remains a challenge.



In one of the modern TC forecast improvement methods, data assimilation (DA) techniques were applied to optimally combine observations with a numerical weather prediction (NWP) model, thus producing an accurate initial state of the system [10,11,12]. DA methods such as variational assimilation have been widely adopted in NWP for operational weather forecasting [13,14,15]. However, methods such as the three-dimensional variational (3DVAR) method, which is based on statistical theory, usually employ quasi-fixed error statistics to spread observation information to model grid points, which can hardly represent the actual state of TC environments [16,17]. Given this difficulty, the ensemble Kalman filter (EnKF), which is characterized by the flow-dependent background error covariance estimated from an ensemble of parallel short-term forecasts, is a promising TC state estimation approach [18,19]. This ensemble aims to provide short-term probabilistic forecasts so that information on the initial (analysis) errors is retained in the forecast errors [20]. However, due to the high computational cost, given an insufficient number of ensembles, the EnKF method still suffers from rank deficiency and sampling error problems [21,22]. Therefore, hybrid schemes that couple ensemble and variational systems have been proposed and extensively researched [23,24].



Most traditional hybrid schemes implemented under the variational framework aim to introduce the flow-dependent background error covariance (B) estimated from an ensemble into the static and full-rank climatological B matrix used in variational methods [25,26]. These hybrid approaches, which entail the implementation of a weighted sum of the two covariance terms, are defined as hybrid covariance data assimilation (HCDA) algorithms. An alternative to the traditional HCDA technique is the hybrid gain data assimilation (HGDA) approach developed by Penny [27], which combines the gain matrices of the ensemble and variational methods. Penny [27] demonstrated that the HGDA method differs from the traditional HCDA method, which discards ensemble mean information, as it employs the analysis ensemble mean as an improved background estimate for the 3DVAR scheme. This approach recenters the ensemble perturbations in a new hybrid mean state and simultaneously leverages the climatological background error covariance estimate to which the current operational system has been tuned [28]. Furthermore, the HGDA method can be applied without explicitly obtaining the gain matrix and is less sensitive to tuning parameters such as localization and inflation [29].



Since Penny’s publication, the HGDA scheme has been extensively researched and examined [30,31,32]. Research by Bonavita et al. [33] using a hybrid gain ensemble data assimilation (HG-EnDA) algorithm comprising 4DVar and EnKF methods demonstrated that the HG-EnDA algorithm could significantly outperform both component systems. In addition, they compared the HG-EnDA algorithm with the hybrid 4DVar–EDA algorithm in an operational implementation at the European Centre for Medium-Range Weather Forecasts (ECMWF) and found that the former was already competitive relative to a low-resolution version (TL511) of the hybrid 4DVar–EDA algorithm. In a separate study by Whitaker et al. [34], the hybrid covariance approach was compared with the hybrid gain approach. Their results revealed that the HGDA approach was similar to the HCDA approach when the incremental normal-mode balance constraint applied to the ensemble part of the hybrid covariance update was turned off. Chang et al. [35] proposed a parameterless HGDA algorithm that constrained the variational correction to the subspace orthogonal to the ensemble perturbation subspace without using a hybrid weighting parameter and reported advantages over the standard HGDA algorithm. Wang et al. [29] found that by utilizing the ensemble mean, the analysis increments of the HGDA algorithm retained more EnKF characteristics than those of the HCDA algorithm. Moreover, the precipitation score of the HGDA method was higher than that of the HCDA method in a shorter lead time.



The HGDA method offers significant advantages and has been used operationally, such as in the operational ocean model of the National Centers for Environmental Prediction (NCEP) [28,36], the operational atmospheric model of the ECMWF [37], and, more recently, the Canadian Meteorological Centre’s atmospheric model [30]. The Numerical Weather Prediction Center (NWPC) of the China Meteorological Administration (CMA) has been working on the development of hybrid data assimilation systems in the Global/Regional Assimilation Prediction System (GRAPES) [38,39,40]. In recent years, several case studies have indicated that the assimilation effect is more pronounced when the En-3DVAR method is applied to the GRAPES model [41,42,43]. However, the application of the HGDA method to the GRAPES model remains poorly understood. Moreover, the operational NWP process is more complex than that in case studies due to the diversity and large number of observations. Therefore, the performance and stability of the HGDA method in the GRAPES model are worthy of further study.



In this paper, the GRAPES regional HGDA method is proposed; this combines the gain matrices derived from the GRAPES-3DVAR and local ensemble transform Kalman filter (LETKF). The effects of the application of the HGDA method in the GRAPES model on TC forecasting are examined and compared to those of the LETKF and 3DVAR schemes. The remainder of this paper is structured as follows: The model, DA methods, and experimental design are described in Section 2. The major results are analyzed in Section 3, and conclusions are provided in Section 4.




2. Materials and Methods


2.1. The Model Used


The mesoscale version of the GRAPES model (version 5.0), i.e., GRAPES_Meso, was employed in this study. The GRAPES_Meso model is a regional operational NWP system implemented at the CMA that includes both an atmospheric model and a three-dimensional DA system [44]. The model utilizes a staggered Arakawa C grid for spatial variable discretization and employs an off-centered two-time-level semi-implicit and semi-Lagrangian scheme as the time discretization scheme based on the latitude–longitude (LAT-LON) grid. Height-based terrain-following coordinates with Charney–Phillips variable staggering are adopted along the vertical direction [45]. The forecast domain covers all of South China with a horizontal grid spacing of 3 km (1181 × 601 grid points) and 50 sigma vertical levels (Figure 1). The physical parameterization schemes adopted for this study include the rapid radiative transfer model (RRTM) longwave radiation scheme [46], the Dudhia shortwave radiation scheme [47], the Noah land surface scheme [48], the medium-range forecast (MRF) planetary boundary layer scheme [49], and the WSM6 cloud microphysics scheme [50]. The cumulus convection parameterization scheme was not used.




2.2. Hybrid Gain Ensemble Data Assimilation System


In this study, the Hybrid/Mean-LETKF method proposed by Penny [27] was first implemented in the GRAPES_Meso model. The hybrid gain matrix    K ^    can be constructed as follows:


  K =  P b   H T      H  P b   H T  + R     − 1    



(1)






   K B  = B  H T      H B  H T  + R     − 1          



(2)






   K ^  = K + α  K B    I − H K                      



(3)




where K is the Kalman gain matrix, and KB is the 3DVAR gain matrix. Under monotonic mapping, KB scaling by parameter α (0 < α < 1) is equivalent to directly applying scalar inflation to the static B matrix used to obtain KB.



Figure 2 shows a flowchart of the HGDA method. Ensemble forecasts (   X f 1  ,    X f 2  , … ,  X f n   , where n denotes the total number of ensemble members) of the Global Forecast System (GFS) were used as the background fields of the LETKF, and the LETKF algorithm of Hunt et al. [51] was utilized to obtain the analysis mean state (    X ¯  L a   ) and analysis ensemble perturbations (   X  L 1   a   ′    ,    X  L 2    a ′    , ⋯  X  L n    a ′     ). In the standard LETKF, the analysis mean can be computed as:


    X ¯  L a  =   X ¯  b  + K    y o  − H     X ¯  b   



(4)




where     X ¯  b    is the background ensemble mean state, and H is the observational operator.



Then, a two-step sequential update process involving the LETKF analysis mean was executed. First, the LETKF analysis ensemble mean was used as an improved background estimate for the 3DVAR scheme in the GRAPES_Meso model, which differed from the HCDA method, that discarded the analysis ensemble mean. In this step, the 3DVAR scheme minimized the following cost function:


   J B    X     =     X −   X ¯  L a     T    B ^   − 1     X −   X ¯  L a    +    y o  − H  X T     R  − 1      y o  − H X    



(5)







Then, the analysis mean corrected by the 3DVAR scheme was output (    X ¯  V a   ). Second, the hybrid analysis mean (    X ¯  hybrid a   ) was updated by blending the LETKF (    X ¯  L a   ) and 3DVAR correction (    X ¯  V a   ) terms through a tunable parameter α.


    X ¯  hybrid a  = α   X ¯  V a  +   1 − α     X ¯  L a   



(6)







After updating, the ensemble analysis perturbations (   X L  a   ′     ) could then be recentered to the hybrid analysis mean as follows:


   X hybrid a  =  X L  a   ′    +   X ¯  hybrid a   V T   



(7)




where VT is a column of one, and      X hybrid a    denotes the hybrid ensemble members used for prediction.




2.3. Experimental Design


To compare the impacts of different DA methods, four basic experiments, namely, CTL, 3DVAR, LETKF, and HYBRID, were designed (Figure 3). The CTL experiment was used as a reference with no observations assimilated. The 3DVAR and LETKF experiments entailed the use of standard formulations, while the HYBRID experiment was conducted according to the method of Penny described in Section 2.2. In all experiments, the initial prior ensemble members for the analysis were provided by GRAPES_Meso forecasts initialized 6 h prior to the analysis time. The analysis and forecast fields of the National Centers for Environmental Prediction/Global Forecast System (NCEP/GFS) were used as the unperturbed ICs and lateral boundary conditions (BCs), respectively. Perturbations randomly drawn from the static background error covariances used in the GRAPES-3DVAR model were added to the GFS forecasts and BCs [16,52] to generate the initial prior ensemble members. The analysis background fields of the LETKF and HYBRID experiments were provided by the forecast ensemble mean of 30 ensemble members, and the CTL and 3DVAR experiments involved the same analysis background to maintain consistency. Observations were assimilated at a single time followed by a 24 h deterministic forecast launched from each of the analyses, while the 24 h forecast in the CTL experiment continued from the analysis time without assimilation.



In the HGDA method, half of the 3DVAR analysis gain and half of the LETKF analysis gain were used with parameter α set to 0.5, which allowed for a more straightforward comparison. In all experiments, covariance localization was used to suppress the impact of the ensemble background error covariance on the analysis increments with localization radii of 300 km along the horizontal direction and 6 levels along the vertical direction. Multiplicative inflation was applied to the analysis perturbations to prevent deviation of the ensemble from the observations and possible ensemble collapse [53]. The inflation factor was tuned and set to 1.10 to maintain the ensemble spread.




2.4. Observation Data


Satellite-derived wind observations available from the most recent Chinese geostationary satellite FengYun-4A (FY-4A) were assimilated. FY-4A atmospheric motion vectors (AMVs) have enhanced the spatial and temporal resolutions of data and allowed for more spectral channel options [54,55]. The wind vector interval of AMV products encompassed 8 infrared (IR) pixels (a subpoint interval of 32 km). The tracer block sizes for primary and secondary racking were 32 × 32 and 16 × 16, respectively. FY-4A AMVs were retrieved at three-hour time intervals from one longwave IR (λ = 11.0 µm) channel and two water vapor (WV) (HIWV, λ = 6.5 µm; LOWV, λ = 7.2 µm) channels. Figure 4 shows the horizontal and vertical distributions of the IR and WV channels of AMVs within the model region at 06:00 on 1 July 2022 (UTC; the same below). AMVs could supplement conventional observations in areas with sparse data, especially on the ocean surface (Figure 4a–c). Along the vertical direction, the WV channels were located above 500 hPa, while the IR channel provided data distributed at lower levels. Both the WV and IR channels were mainly concentrated between 400 and 100 hPa (Figure 4d). The WV channel was located in the absorption band, which absorbed radiation below the WV distribution height during transmission, and only radiation emitted by WV after absorption could be detected [56]. However, the IR channel was located in the atmospheric window, which could receive longwave radiation emitted by clouds and the surface, so the IR channel also provided data in the lower layers [57]. AMV products with quality indicator (QI) values higher than 85% were used, as these were found to be of satisfactory quality [55]. Moreover, a series of simple quality control measures, including background assessment, height assignment, observation error assignment, and data-thinning processes, were adopted [58,59]. Observation preprocessing was performed in the same manner across all of the analysis experiments.





3. Results


The impacts of the different DA methods on TC forecasting were quantified by computing track and intensity simulation errors in terms of the TC position, minimum sea-level pressure (MSLP), and maximum wind speed (MWSP), and the results were compared with those of the best track data from the Japan Meteorological Agency (JMA). Moreover, a quantitative examination of the model rainfall data was conducted with the threat score (TS) by validating the model results against an hourly dataset from the CMA Multisource Merged Precipitation Analysis System (CMPAS) [60]. To investigate the performance and stability of the different assimilation system components, a quasi-operational setting was used without custom tuning.



3.1. Case Study


In this section, Typhoon CHABA (2022) was selected as a case to evaluate the effects of the different assimilation methods on TC prediction in detail. Typhoon CHABA originated from a low-pressure area west of Luzon and made landfall in southwestern Guangdong Province at 07 UTC on 2 July 2022. The 24 h forecasts of Typhoon CHABA prior to landfall initialized at 06 UTC on 1 July 2022 were analyzed.



3.1.1. Analysis of TC Position and Intensity


The position and intensity are two crucial indicators used to evaluate models’ capabilities for TC forecasting. Figure 5 shows the track propagation results of the four experiments and the best track of the JMA. All of the cyclones propagated northwesterly as expected. It could be observed that the HYBRID method outperformed the 3DVAR and LETKF schemes in forecasting the position and moving speed and yielded the closest forecasting result to the best track from 6 to 24 h. However, at the initial time, the positions determined via the three methods were nearly the same, which may be attributed to the relatively limited effect of AMVs’ assimilation on the surface layer, as the AMVs were mainly concentrated in the upper layer.



To accurately compare the impacts of the different DA schemes, the 24 h average forecast errors in the typhoon track, MSLP, and MSWP of the CTL, 3DVAR, LETKF, and HYBRID experiments were considered, as shown in Figure 6. Figure 6a shows the track errors of the different experiments. It could be observed that the track errors of the 3DVAR, LETKF, and HYBRID experiments were 37.43, 27.83, and 25.86 km, respectively, which were smaller than the track error of the CTL experiment (40.9 km). Although all assimilation schemes could reduce the track prediction errors, the HYBRID experiment yielded the smallest track error among the three assimilation experiments, which was consistent with the tracks shown in Figure 5. In contrast to the TC position, the MSLP errors depicted in Figure 6b did not indicate any improvements due to assimilation. The MSLP errors were 4.42, 4.42, 4.88, and 4.82 hPa for the CTL, 3DVAR, LETKF, and HYBRID experiments, respectively, which were very similar (Figure 6b). Compared to the magnitude of the MSLP, which was approximately 970 hPa, the MSLP errors were very small, and the differences between the four experiments could be neglected. In regard to the MSWP errors (Figure 6c), the LETKF experiment yielded the smallest error of −4.52 m·s−1, followed by the HYBRID experiment, with an error of −4.72 m·s−1, while the 3DVAR experiment produced a larger error, namely, −5.46 m·s−1, than that of the CTL experiment at 5.20 m·s−1. Hence, in all analysis experiments, the improvements were more prominent in the position than in the intensity when comparing Figure 6a to Figure 6b,c. It should be noted that the HYBRID experiment could achieve the optimal effect when both the LETKF and 3DVAR schemes were well tuned, and the LETKF scheme was significantly better than the 3DVAR scheme [25]. Regarding the TC position, both the LETKF and 3DVAR experiments yielded smaller track forecast errors, and the LETKF scheme was more effective. As a result, the HYBRID scheme achieved the optimal effect and was the most effective. However, regarding the TC intensity, the LETKF scheme generated a larger MSLP error, while the 3DVAR scheme produced a larger MSWP error. In this case, the HYBRID scheme could partly offset the negative effect of the LETKF or 3DVAR schemes and could allow appropriate adjustments.



Deterministic forecasts launched from the ensemble mean analysis may lead to an overly smoothed depiction of the TC mass and wind fields resulting from ensemble averaging [61]. This can partly explain the relatively limited improvement in TC intensity forecasting with the DA approach. Zhang et al. [62] proposed that it is more appropriate to use average MSLP and MWSP values obtained from each member for ensemble forecast verification. Therefore, the temporal evolution of the average MSLP and MWSP values estimated from the posterior of each HYBRID ensemble member (hereafter referred to as HYBRID members_mean) relative to the posterior LETKF, 3DVAR, HYBRID, and CTL mean analysis fields, as well as the JMA’s best track results, is shown in Figure 7. It is clear that the MSLP (Figure 7a) and MWSP (Figure 7b) of HYBRID members_mean were closer to those of the JMA’s best track data during the 24 h forecasting period than those of all the other experiments. The 24 h average forecast errors in MSLP and MWSP of HYBRID members_mean were 4.02 hPa and −4.03 m s−1, respectively. Compared to the TC intensity errors shown in Figure 6b,c, HYBRID members_mean yielded the smallest intensity errors. Therefore, using the average MSLP and MWSP values obtained from each member, it was confirmed that the HYBRID scheme could promote the prediction accuracy for TC intensity.




3.1.2. Rainfall Validation


Quantitative precipitation forecast validation was performed by calculating TS values to identify the influences of the 3DVAR, LETKF, and HYBRID schemes. Figure 8 shows the 24 h temporal evolution of the TS values for the 6 h accumulated precipitation forecasts of the different experiments. In general, the assimilation of AMVs positively impacted the short-range rainfall forecasts. In terms of light rainfall (Figure 8a, up to 0.1 mm), the scores obtained for the assimilation experiments were higher than those obtained for the CTL experiment, and the TS scores determined via the HYBRID experiment were always higher than those determined via the LETKF and 3DVAR experiments. Regarding medium rainfall (Figure 8b, 0.l–4.0 mm), the HYBRID experiment yielded the maximum TS values at 06, 12, and 24 h relative to the other three experiments. At 18 h, the TS values for all assimilation experiments were lower than those for the CTL experiment. Regarding heavy rainfall (Figure 8c, 4.0–13.0 mm), the 3DVAR experiment generated the maximum scores at 06 and 18 h, while the LETKF experiment generated the minimum scores. However, at 12 and 24 h, the LETKF experiment yielded the maximum scores, while the 3DVAR experiment yielded the minimum scores. The HYBRID experiment always produced moderate TS values that varied between those for the 3DVAR and LETKF experiments. Regarding extreme rainfall (Figure 8c, 13.0–25.0 mm), improvements could hardly be achieved in the assimilation experiments, and both the 3DVAR and LETKF experiments exhibited lower TS values than those for the CTL experiment most of the time. As a result, the HYBRID experiment exhibited the minimum TS values. Overall, the HYBRID scheme could improve the forecast skill for light and medium rainfall, which was partially due to the position accuracy of TC track prediction. Regarding heavy rainfall, the HYBRID scheme could partly offset the negative effects of the LETKF or 3DVAR scheme and exhibited moderate TS values. However, for extreme rainfall, due to the negative effects of both the 3DVAR and LETKF schemes, the HYBRID experiment yielded the minimum TS values.





3.2. Multicase Validation


To further estimate the effectiveness of the different assimilation schemes, four types of experiments (CTL, HYBRID, 3DVAR, and LETKF) involving eight TC cases (including Typhoon CHABA) from 2019 to 2022 were conducted, and the experimental setup was the same as that employed for Typhoon CHABA. The 24 h forecasts of TCs prior to landfall were launched from each of the analysis fields. Details of the TC cases considered in this study and the model simulation duration in each case are listed in Table 1. Figure 9 shows the observed TC tracks retrieved from the JMA’s best track dataset at 6 h intervals. TC cases of different intensity categories following diverse tracks before making landfall were selected. All TC cases formed over the South China Sea.



3.2.1. Track Validation


Figure 10 shows the forecast track error in the eight TC cases for the different assimilation experiments. The HYBRID scheme outperformed the 3DVAR and LETKF schemes in TC location forecasting. The track errors of the HYBRID experiment were found to be the smallest among all experiments in five out of the eight cases (MA-ON, CHABA, IN-FA, CEMPAKA, and MITAG), and all cases comprised typhoons (Figure 10). Regarding the other three TCs, the LETKF experiment achieved better performance for tropical storms LIOMROCK and NURI than the other experiments did, while the 3DVAR scheme produced the smallest track error for Typhoon KOMPASU. Therefore, the improvement in the HYBRID experiment may be more significant for typhoons than for tropical storms.



To clearly reveal the impact of the HYBRID scheme on TC position forecasting, the percentage change in the track error determined via a comparison of the assimilation experimental groups with the CTL experiment is provided in Table 2. A negative result indicates a decrease in the track error, while a positive result indicates an increase. The percentage change in the track error averaged over all the cases indicated 1.369%, 8.071%, and 10.612% track error reductions in the 3DVAR, LETKF, and HYBRID experiments, respectively. The HYBRID scheme achieved considerable improvement in forecasting TC locations relative to the 3DVAR and LETKF schemes. Furthermore, the 3DVAR scheme yielded increased track errors in three cases (MA-ON, IN-FA, and NURI), which may have been partly due to the large initial position errors of the ensemble mean background fields. The LETKF scheme yielded increased track errors in two cases (KOMPASU and IN-FA), whereas the HYBRID scheme yielded an increased track error in only one case (KOMPASU). In addition, the track error of the HYBRID scheme was never the largest, as it could partly offset the negative effects of the LETKF or 3DVAR scheme and facilitate certain appropriate adjustments. Therefore, compared to those of the 3DVAR and LETKF schemes, the HYBRID scheme could achieve a more stable and moderate effect.



In order to test the significance of the track errors for different experiments, a simple bootstrap analysis was performed. Figure 11 presents the forecast track error averaged over all of the cases and all of the forecast times. The error bars shown in Figure 11 give the 5% lower confidence bound, 50% average confidence bound, and 95% upper confidence bound of the averaged track errors with a two-sided bootstrap significance test. It could be observed that the averaged track errors of the CTL, 3DVAR, LETKF, and HYBRID experiments were 54.59, 53.29, 49.57, and 48.95 km, respectively. The track errors of all DA experiments were lower than that of the CTL experiment, which confirmed the positive effects of the DA methods. Moreover, the HYBRID scheme with the lowest track error among all of the experiments showed a significant advantage in improving the TC position forecast. Therefore, consistently with the previous analysis that was mentioned above, the HYBIRD scheme achieved a more significant improvement in TC position forecasting than the 3DVAR and LETKF schemes.



As mentioned in Section 3.1.1, the TC intensity calculated with the deterministic forecast launched from the ensemble mean analysis was unrepresentative, and the available computational resources were limited to calculate the average MSLP and MWSP values for each ensemble member in all cases. Therefore, the TC intensity will not be further verified here.




3.2.2. Rainfall Forecast Skill Scores


Figure 12 shows the 24 h average TS values for the 6 h accumulated precipitation forecasts in the eight TC cases of the different experiments. The improvements in the forecast skill for light and medium rainfall of the HYBRID scheme were further validated. Figure 12a shows that for light rainfall, the TS value of the HYBRID experiment was the highest among all experiments in six out of the eight cases (CHABA, KOMPASU, LINROCK, CEMPAKA, and MITAG). Regarding medium rainfall (Figure 12b), the TS value for the HYBRID experiment was the highest in four out of the eight cases (CHABA, LIONROCK, IN-FA, and MITAG). All assimilation experiments positively impacted the light and medium rainfall forecasts relative to the CTL experiment, which also confirmed the positive impact of the assimilation of FY-4A AMVs. Considering heavy and extreme rainfall (Figure 12c,d), with impacts of the initial position errors and the effects of the 3DVAR and LETKF schemes becoming unstable, the number of TC cases with lower TS values in the 3DVAR or LETKF experiment than those in the CTL experiment was increased. However, the HYBRID scheme could still exhibit more stable and moderate TS values. As a result, the multicase study demonstrated that the HYBRID scheme achieved a better improvement in light and medium rainfall forecasting with assimilated FY-4A AMVs than the 3DVAR and LETKF schemes did. Furthermore, the HYBRID scheme generated a more stable and moderate effect than the 3DVAR and LETKF schemes did in heavy and extreme rainfall forecasting.






4. Conclusions and Discussion


In this study, the hybrid gain data assimilation method (HGDA) was first applied to the regional GRAPES_Meso model, and its performance was assessed by examining forecasts of TCs that formed over the South China Sea. Three groups of experiments were performed with different DA methods, including 3DVAR, LETKF, and HGDA (HYBRID), and their results were compared with the results of an experiment without DA (CTL). Eight TC cases from 2019 to 2022 were considered, and Typhoon CHABA was selected as a case to be analyzed in detail. FY-4A AMVs were assimilated to evaluate the impacts of different DA schemes on the forecasts of TC cases before landfall. The results of four experiments (CTL, 3DVAR, LETKF, and HYBRID) were intercompared and validated against the JMA’s best track data and hourly precipitation observations from the CMPAS. The main conclusions can be summarized as follows.



First, the 24 h deterministic forecast results for Typhoon CHABA revealed that the HYBRID scheme outperformed the 3DVAR and LETKF schemes in forecasting the TC position and moving speed, and in all analysis experiments, the improvements were more prominent in the position than in the intensity. With deterministic forecasts launched from the ensemble mean analysis, the LETKF scheme increased the MSLP error, while the 3DVAR scheme increased the MSWP error, which might have been due to the overly smoothed depiction of the TC mass and wind fields. In this case, the influence of the HYBRID scheme on intensity forecasting was reduced, but it could still partly offset the negative effects of the LETKF or 3DVAR scheme and allowed specific appropriate adjustments. In addition, when using the average MSLP and MWSP values retrieved from each ensemble member, the HYBRID scheme could promote the TC intensity prediction accuracy. Quantitative precipitation forecast validation by using the TS metric further demonstrated that the forecast skill for light and medium rainfall in the HYBRID scheme was partially improved due to the position accuracy in TC track prediction. Given heavy rainfall, the HYBRID scheme could partly offset the negative effects of the LETKF or 3DVAR scheme and exhibited moderate TS values. However, considering extreme rainfall, due to the negative effects of both the 3DVAR and LETKF schemes, the HYBRID scheme exhibited the minimum TS values.



Subsequently, eight TC cases were considered to further evaluate the impacts of the different assimilation schemes. Via comparison of the track errors, it was again confirmed that the HYBRID scheme achieved a more significant improvement in TC position forecasting than the 3DVAR and LETKF schemes did. Moreover, the improvement obtained with the HYBRID scheme might have been more notable for typhoons than for tropical storms. The TS values for the quantitative precipitation forecasts of the different experiments further demonstrated that all assimilation experiments positively impacted light and medium rainfall forecasts relative to the CTL experiment, and the HYBRID scheme achieved a better performance than all of the other assimilation schemes. Regarding heavy and extreme rainfall, with the effects of the 3DVAR and LETKF schemes becoming unstable, the HYBRID scheme produced a more stable and moderate effect than the 3DVAR and LETKF schemes did.



In general, the application of the regional HGDA method improved the performance of the GRAPES_Meso model and offered advantages in forecasting TC cases with the assimilation of FY-4A AMVs over the 3DVAR and LETKF schemes, especially with respect to TC position and rainfall forecasting. It should be noted that all of the experiments in this study were conducted in a quasi-operational setting without custom tuning. With fixed operational parameters, the 3DVAR or LETKF schemes may not persistently achieve the optimal effects and may sometimes generate negative effects. Moreover, in some TC cases, the initial position errors were relatively large, which could partly reduce the impacts of DA schemes. However, it was verified in this study that the HYBRID scheme could partly offset the negative effects of the LETKF or 3DVAR scheme and ensured a relatively stable and moderate effect, which could be one of the most important factors determining its wide use in research and operational applications. Although the HGDA method was proven to be effective, the accuracy of the HGDA scheme was still partly influenced by the tunable parameter that weighted the dynamic and static information supplied by the ensemble and variational methods. The need to optimize the hybrid coefficient remains a key issue. Therefore, our future work will explore the parameter optimization methods of the HGDA scheme and examine the impacts of the regional HGDA method on the GRAPES_Meso model with the assimilation of multisource observation data, such as dual-polarized radar data and soundings. In addition, as the initial time of the model can partly affect the forecast accuracy [63], further analysis of a real-time run of the HGDA method in the GRAPES model would be necessary for the improvement of the operational forecasts. Additionally, the influence of the initial position errors on the DA schemes and the capabilities of HGDA ensemble forecast systems should be further tested and analyzed, which could help us to better understand the dynamic processes limiting the predictability of the TC track, intensity, and structure.
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Figure 1. Domain used for the simulations. 
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Figure 2. Flowchart of the HGDA method.    X g  a   c t l     denotes the analysis fields retrieved from the Global Forecast System (GFS).    X g  a 1   ,    X g  a 2   , … ,  X g  a n     (n is the number of ensemble members) indicates that the ensemble members are randomly perturbed by the GFS. With a 6 h spin-up period, the ensemble forecasts of the GFS (   X f 1  ,    X f 2  , … ,  X f n   ) are used as the background fields of the LETKF. Then, the analysis mean state (    X ¯  L a   ) and analysis ensemble perturbations (   X  L 1   a   ′    ,    X  L 2   a   ′    , ⋯  X  L n   a   ′     ) can be obtained from the LETKF. Next,     X ¯  L a    is employed as the background field of the GRAPES-3DVAR model. Then, the hybrid analysis mean (    X ¯  hybrid a   ) is updated by blending the LETKF (    X ¯  L a   ) and 3DVar correction (    X ¯  V a   ) terms. Finally, the LETKF ensemble analysis perturbations (   X L  a   ′     ) are recentered to the hybrid analysis mean (    X ¯  hybrid a   ). The ensemble mean (    X ¯  hybrid a   ) and members (   X hybrid  a 1    ,    X hybrid  a 2    , …,    X hybrid  a n    ) output by the hybrid algorithm are used for prediction. 
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Figure 3. Schematic representation of the experimental setup for each simulation experiment. Members 1, 2, …, n represent the ensemble members (n is the number of ensemble members). CTL indicates the experiment initialized without observation assimilation. HYBRID, LETKF, and 3DVAR indicate the experiments assimilating the same observations with the HGDA, LETKF, and 3DVAR methods, respectively. 






Figure 3. Schematic representation of the experimental setup for each simulation experiment. Members 1, 2, …, n represent the ensemble members (n is the number of ensemble members). CTL indicates the experiment initialized without observation assimilation. HYBRID, LETKF, and 3DVAR indicate the experiments assimilating the same observations with the HGDA, LETKF, and 3DVAR methods, respectively.



[image: Atmosphere 14 00565 g003]







[image: Atmosphere 14 00565 g004 550] 





Figure 4. Horizontal distributions of the FY-4A AMV products derived from the (a) IR, (b) HIWV, (c) LOWV, and (d) vertical profiles of the total number of single FY-4A AMV products from the three channels in each layer at 06:00 UTC on 1 July 2022 within the model domain. 
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Figure 5. Comparison of the track propagation results of the CTL, 3DVAR, LETKF, and HYBRID experiments for Typhoon CHABA and observations retrieved from the best track data from the Japan Meteorological Agency (JMA). 
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Figure 6. Forecast error in the (a) TC position (units: km), (b) MSLP (units: hPa), and (c) MWSP (units: m·s−1) for the CTL, 3DVAR, LETKF, and HYBRID experiments averaged over 24 h before landfall. 
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Figure 7. Temporal evolution of (a) the estimated MSLP (units: hPa) and (b) MWSP (units: m·s−1) of the LETKF, 3DVAR, HYBRID, and CTL experiments. The solid lines indicate the deterministic forecast from the analysis mean. The dashed line indicates the average value of the MSLP and MWSP of each member. The dotted line indicates the JMA’s best track. 
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Figure 8. Temporal evolution of the threat score (TS) for the 6 h accumulated precipitation forecasts of Typhoon CHABA simulated by the CTL, 3DVAR, LETKF, and HYBRID experiments with threshold = (a) 0.1, (b) 4.0, (c) 13.0, and (d) 25.0 mm. 
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Figure 9. JMA’s best track data for the eight TC cases analyzed in the study. Details are listed in Table 1. Various colors are used to differentiate the different TC tracks. The larger dots in the figure denote the analysis time in each case. 
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Figure 10. Forecast error averaged over 24 h before landfall in the TC position (units: km) in the different assimilation experiments for the eight tropical cyclone cases. 
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Figure 11. The forecast position error of different assimilation experiments averaged over all of the TC cases and a 24 h forecast time before landfall. The error bars denote the 5th and 95th percentiles determined from bootstrap resampling, respectively. The blue dot represents the 50th percentile determined from bootstrap resampling. 
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Figure 12. Threat scores (TSs) for the 6 h accumulated precipitation forecasts averaged over 24 h before landfall in the eight TC cases simulated in the CTL, 3DVAR, LETKF, and HYBRD experiments with threshold = (a) 0.1, (b) 4.0, (c) 13.0, and (d) 25.0 mm. 
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Table 1. Tropical cyclone cases analyzed.
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	Case
	TC Name
	Category
	Year
	Data Assimilation Time
	Free Forecast Duration





	1
	MA-ON
	Typhoon
	2022
	06 UTC 24 August
	06 UTC 24–25 August



	2
	CHABA
	Typhoon
	2022
	06 UTC 1 July
	06 UTC 1–2 July



	3
	KOMPASU
	Typhoon
	2021
	00 UTC 12 October
	00 UTC 12–13 October



	4
	LIONROCK
	Tropical Storm
	2021
	18 UTC 7 October
	18 UTC 7–8 October



	5
	IN-FA
	Typhoon
	2021
	06 UTC 24 July
	06 UTC 24–25 July



	6
	CEMPAKA
	Typhoon
	2021
	06 UTC 19 July
	06 UTC 19–20 July



	7
	NURI
	Tropical Storm
	2020
	00 UTC 13 June
	00 UTC 13–14 June



	8
	MITAG
	Typhoon
	2019
	12 UTC 30 September
	12 UTC 30 September–1 October
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Table 2. Percentage change in the track error when comparing the assimilated experimental groups with the CTL experiment (units: %).
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Case

	
TC Name

	
3DVAR

	
LETKF

	
HYBRID






	
1

	
MA-ON

	
1.016

	
−2.642

	
−4.806




	
2

	
CHABA

	
−8.484

	
−31.956

	
−36.773




	
3

	
KOMPASU

	
−5.693

	
11.448

	
1.202




	
4

	
LIONROCK

	
−6.109

	
−16.320

	
−11.334




	
5

	
IN-FA

	
18.093

	
1.734

	
−6.408




	
6

	
CEMPAKA

	
−8.692

	
−13.094

	
−16.904




	
7

	
NURI

	
0.903

	
−8.203

	
−4.334




	
8

	
MITAG

	
−1.988

	
−5.538

	
−5.538




	
Average mean

	
−1.369

	
−8.071

	
−10.612








A negative percentage in the table suggests that the TC track error obtained from the assimilation experiments is smaller than that obtained from the CTL experiment, while a positive value suggests that the assimilation scheme increases the track error.
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