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ABSTRACT9

This study explores the optimal refresh rate for Global Navigation Satellite10

System radio occultation (RO) observations in numerical weather prediction11

(NWP) using observing system simulation experiments (OSSE). Three exper-12

iments are carried out: a Control experiment with no RO observations and13

two experiments with 14,000 RO profiles per day - one with a mix of polar14

and equatorial orbits with a global refresh every six hours and uniform spatio-15

temporal coverage, and a second with only polar orbiting satellites and refresh16

every 12 hours, which produces gaps in spatial coverage every six hours. Both17

experiments with RO included show a marked increase in forecast accuracy18

compared to the Control. The six-hour refresh case shows a significant im-19

provement in forecast accuracy compared to the 12-hour refresh case in the20

tropics, with mixed results in middle latitudes.21

The OSSE framework allows calculation of observation impacts on back-22

ground and analysis errors, so that the contribution of information from re-23

tained RO information can be compared with the contribution of new infor-24

mation from observations ingested in the current cycle. Impacts of RO in the25

two sampling experiments are also explored using a forecast sensitivity obser-26

vation impact (FSOI) tool for 24-hour forecasts, and by comparing the skill of27

medium-range forecasts. In stratospheric midlatitudes, the RO observational28

information is well retained, so that more frequent sampling is not required.29

However, the Tropics are found to be particularly sensitive to RO data in both30
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2 PRIVÉ ET AL.

the stratosphere and troposphere, and relatively uniform spatiotemporal cov-31

erage is advantageous.32

1 Introduction33

Over the past two decades Global Navigation Satellite System radio occultation (GNSS-34

RO) data has been an important component of the global observing network for numerical35

weather prediction (NWP). Bending angles derived from GNSS-RO provide sounding-type36

information about temperature and humidity primarily in the stratosphere and mid- to37

upper-troposphere, with ongoing efforts to improve the use of RO data in the lower tropo-38

sphere. RO observations have been shown in numerous studies to provide significant improve-39

ment to operational weather forecasts (Healy and Thépaut, 2006; Aparicio and Deblonde,40

2008; Cucurull and Derber, 2008; Rennie, 2010). Recent efforts to determine observational41

requirements for future planning of the global observing network (NOAA SPRWG, 2018;42

Anthes et al., 2019) ranked RO as a high priority, recommending the expansion of RO to at43

least 20,000 soundings per day (Anthes et al., 2024).44

RO data have been provided for operational use by multiple government-sponsored plat-45

forms including both polar (e.g., the European Organisation for the Exploitation of Meteo-46

rological Satellites (EUMETSAT)’s Meteorological Operational satellites program (MetOp)47

satellites (von Engeln et al., 2009)) and inclined/equatorial orbital systems such as the48

Formosa Satellite Mission-7 (FORMOSAT-7)/Constellation Observing System for Meteo-49

rology, Ionosphere, and Climate-2 (hereafter COSMIC-2) mission (Anthes and Schreiner,50

2019; Schreiner et al., 2020; Ho et al., 2020). While commercial RO data have become51

more prolific in recent years, the spatiotemporal variability of commercial datasets may52

vary over time depending on launch availability and other factors. Given the uncertainty in53

the spatiotemporal distribution of commercial RO data, there has been interest in a pos-54

sible government-run network of GNSS platforms that would provide baseline coverage of55

the globe (Gail et al., 2025). Because the largest government-run RO mission, COSMIC-2,56

which provides over 5,000 profiles per day, is approaching the end of its expected lifespan, the57

National Environmental Satellite, Data, and Information Service (NESDIS) has conducted a58

radio occultation Analysis of Alternatives (AoA) study to evaluate future needs for a global59
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GNSS-RO RETENTION 3

network of RO platforms. One question explored by the AoA was determining the preferred60

refresh rate of RO observations, which determines the spatiotemporal coverage.61

There are numerous studies documenting the importance of uniform temporal cover-62

age for climate monitoring (for example, Leroy, 2001; Kirk-Davidoff et al., 2005) because63

diurnal variations of temperature in the lower troposphere and stratosphere (where there64

is ozone heating) can create temporal biases in climate data records that obscure trends.65

Uniform temporal coverage is essential for space weather monitoring, because solar effects66

on the ionosphere and magnetosphere vary strongly between night and day. However, the67

importance of uniform temporal coverage on NWP is less obvious, and there are no studies68

that we know of on the sensitivity of NWP analyses and forecasts to temporal sampling.69

Several studies, however, have suggested that uniform time sampling is preferable to sam-70

pling only at certain local times. In a study of orbital effects of three microwave sounders,71

di Tomaso and Bormann (2011) showed that three sounders in three different orbits (with72

different equatorial crossing times) showed greater forecast impact than three satellites with73

only two equatorial crossing times. Eyre and Weston (2014) indicated that polar orbiting74

satellites should be equally spaced in time and that the degree of improvement depends on75

the growth rate of the forecast errors. The importance of uniform local time coverage was76

found to be much more important when the growth of errors was fast, as expected in cases77

of high-impact weather events such as rapidly developing extratropical or tropical cyclones.78

They concluded that satellites should be deployed in orbits that are approximately equally79

spaced where possible.80

At the heart of the refresh requirement is the retention of information from RO in the81

NWP system. If the information content from RO is well-retained, a long refresh interval82

could be acceptable. However if the information content from RO is rapidly lost, a more83

frequent refresh rate would be optimal. One factor that affects the retention of observation84

information in the forecast is the rate and magnitude of model error growth, as implied85

by Eyre and Weston (2014). Rapid error growth, as occurs in strong baroclinic zones or86

in regions of tropical cyclone genesis, will tend to destroy retained information content,87

whereas regions with slow error growth are more likely to retain information. Fast model88

error growth is generally associated with the handling of physical atmospheric processes89

in the model, such as moist convection and boundary layer dynamics, as well as regions90

of atmospheric instability, especially near the jet stream. The inherent timescale for initial91

value error growth due to atmospheric dynamics can also play a role, with an expectation92
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4 PRIVÉ ET AL.

that error growth saturates first at the smallest spatial scales, cascading over time to the93

planetary scale as the forecast extends into the long term (Lorenz, 1969).94

Another factor that affects the retention of observation information is the ability of the95

data assimilation system (DAS) to ingest the information such that the analysis state is96

properly balanced. If the initial state is not suitably balanced, geostrophic adjustment will97

occur to bring the atmosphere into a balanced state (Morel and Talagrand, 1974; Vallis,98

1991), potentially losing information content in the process. In the extratropics, geostrophic99

balance can be used to infer wind information from mass information, so that tempera-100

ture observations are highly useful for constraining the state of the atmosphere (Charney101

et al., 1969; Smagorinsky et al., 1970). However, in the Tropics where geostrophic balance102

is weak or not applicable, temperature observations have been found to be less useful than103

wind observations for initializing the atmospheric state (Li et al., 2023), and more frequent104

temperature observations are required.105

Observing system simulation experiments (OSSEs) can be used to study different spa-106

tiotemporal configurations of observations in a sophisticated and realistic NWP framework.107

In an OSSE, all elements of the global observing network are simulated, including the at-108

mosphere, which is modeled by a simulated Nature Run. The availability of the Nature109

Run allows the direct calculation of the analysis and background error fields, and thus the110

observation impact on the analysis and background fields can be derived by performing a111

series of experiments with and without a particular subset of observations. Different ob-112

serving experiments can be simulated and compared in the OSSE without the need for real113

observations.114

Observation impacts on NWP are affected by the information content of the observations,115

the error growth characteristics during the forecast, the availability of other observing types,116

and the retention of observation information. Observations may contain information that is117

largely redundant with other contemporaneous observations, or with information retained118

from observations at previous cycle times. In an OSSE framework, comparison of the impact119

of observations on the background state and on the analysis state can be used to evaluate120

some aspects of redundancy of the observation information with retained information from121

previous cycles. The length of forecast lead time at which the observations maintain sig-122

nificant impact is an indicator of the ability of the NWP framework to retain observation123

information. Prior studies have found that the largest observation impacts generally occur124
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GNSS-RO RETENTION 5

at the initial time, with longer retention of RO observation impacts in the midlatitudes125

compared to the Tropics (Privé et al., 2022).126

As part of the NESDIS AoA study of the refresh requirements for future RO networks,127

an OSSE has been performed comparing two different observing experiments. In the first128

experiment (‘Well’), both polar and equatorial orbiting GNSS-observing platforms result129

in a frequent refresh rate and relatively uniform global sampling of the atmosphere by RO130

observations. In the second experiment (‘Poor’), a cluster of polar orbiting GNSS-observing131

platforms is assumed, where the revisit frequency by RO observations is approximately132

12 hours. The same quantity of RO observations is simulated for both experiments, with133

approximately 14,000 RO soundings per day, or 3500 soundings per data assimilation cycle.134

These two experiments are compared to a Control case in which no RO data is assimilated135

in order to highlight the RO observation impacts.136

The National Aeronautics and Space Administration Global Modeling and Assimilation137

Office (NASA/GMAO) OSSE framework is used to conduct the observation impact studies.138

This framework has been extensively calibrated and validated to ensure that the behaviors139

of the simulated system are representative of the real world (Errico et al., 2013; Privé et al.,140

2023). One of the advantages of this framework is the availability of the Forecast Sensi-141

tivity Observation Impact (FSOI) tool that uses a linearized version of the forecast model142

to estimate the relative impact of all ingested data types on the short term forecast skill.143

Numerous observation impact studies have been carried out using the GMAO OSSE frame-144

work, including for microwave radiances, geostationary hyperspectral infrared radiances,145

atmospheric motion vectors, and spaceborne radar for measuring marine surface pressures146

(McCarty et al., 2021; McGrath-Spangler et al., 2022; Privé et al., 2024b;a). This work will147

closely follow the methodology used for prior RO OSSE studies of potential saturation of148

RO information when large quantities of RO data are ingested (Privé et al., 2022).149

The manuscript is organized as follows: the OSSE framework, simulation of RO obser-150

vations, and experiment setup are described in Section 2. Section 3 compares the impacts151

of RO observations on the analysis state in the two experiment experiments, and Section152

4 describes the RO impacts on the short to medium range forecast skill. The estimates of153

observation impact on short-range (24-h) forecasts calculated with the FSOI tool are shown154

in Section 5, and a summary and discussion of the overall results are given in Section 6.155

© 0000 Tellus, 000, 000–000



6 PRIVÉ ET AL.

2 Method156

The framework used for these experiments is an updated version of that employed for pre-157

vious RO studies with the GMAO OSSE (Privé et al., 2022). The upgrades to the framework158

are described in detail by Privé et al. (2023), with a basic overview given in the following159

section. The simulation of RO bending angles is similar to that of the previous OSSE studies,160

with the main difference being a more sophisticated method of simulating the orbits and161

spatiotemporal locations of the RO soundings.162

2.1 OSSE Overview163

The GMAO OSSE framework consists of a Nature Run (NR), simulated observations164

for most of the data types used for operational numerical weather prediction, and a data165

assimilation system and forecast model used to produce the experiment analyses and fore-166

casts. The NR is a long free forecast of a high resolution global model that simulates the real167

atmosphere. The NR fields are used for generating the simulated observations, and also for168

verification and validation of the analysis and forecast errors. In this version of the GMAO169

OSSE framework, the Global Earth Observing System version 5 (GEOS-5) model was used170

to produce a two year NR with 7 km horizontal resolution, 72 vertical levels, and 30 minute171

output. This NR is commonly referred to as the G5NR, and it has been extensively validated172

(Gelaro et al., 2014).173

Simulated observations are generated by interpolating the NR fields to the spatiotempo-174

ral locations of real observations from a selected time period, along with the potential use175

of an observation operator depending on the observation type. In situ data types such as176

rawinsondes, surface observations, and aircraft are simply interpolated. Radiance observa-177

tions use interpolated profiles from NR fields along with the Community Radiative Transfer178

Model (CRTM, Han et al. (2006)) to simulate brightness temperatures. Contamination of179

infrared radiances by clouds is determined using the NR cloud fields, and contamination of180

microwave radiances by precipitation is similarly dependent on the NR precipitation fields.181

Infrared radiance data types include the Atmospheric Infrared Sounder (AIRS), Infrared182

Atmospheric Sounding Interferometer (IASI), Special Sensor Microwave Imager / Sounder183

(SSMIS), and Cross-track Infrared Sounder full spectral resolution (CrIS-FSR), and mi-184

crowave radiance types include Advanced Microwave Sounding Unit (AMSU-A) and Ad-185

vanced Technology Microwave Sounder (ATMS). The Microwave Humidity Sounder (MHS),186
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GNSS-RO RETENTION 7

Advanced Microwave Scanning Radiometer 2 (AMSR-2), and Global Precipitation Mea-187

surement (GPM) Microwave Imager (GMI) are simulated and assimilated using all sky188

assumptions. Locations of atmospheric motion vectors (AMVs) are based on the cloud and189

moisture fields of the NR along with the footprints of geostationary and MODIS satellites.190

A full description of the simulation methods is given in Errico et al. (2017) and Privé et al.191

(2023).192

Since the magnitude and characteristics of observation errors are crucial to the handling193

of the observations by the DAS and thus to the observation impacts, simulated observation194

errors are added to the simulated observation data. The magnitude of the simulated errors is195

adjusted so that the standard deviation of observation innovation (observation minus back-196

ground, O-B) for each simulated data type matches that of real observations. While purely197

uncorrelated simulated errors are added to some data types, such as surface observations198

and aircraft, other data types receive a mix of uncorrelated and correlated random errors.199

Rawinsondes and AMVs have vertically correlated error, hyperspectral infrared radiances200

have channel-correlated errors, and other radiances along with AMVs have horizontally cor-201

related errors. The correlation characteristics are selected to match the correlation of real202

observations.203

The data assimilation system and forecast model are selected to be the same version204

that was quasi-operational at the GMAO in early 2023. The GEOS model (Rienecker et al.,205

2008) at 25 km horizontal resolution with 72 vertical levels is used for the forecast model.206

The data assimilation system is the 4-dimensional hybrid ensemble variational (Hybrid 4D-207

EnVar) Gridpoint Statistical Interpolation (GSI). Privé et al. (2023) describe and illustrate208

the performance of the GMAO OSSE framework with this configuration.209

2.2 Simulation of RO Data210

Simulation of the RO data was undertaken in three steps. First, the spatiotemporal211

locations of each tangent point (point closest to the surface of the Earth along each RO212

ray path) in the RO soundings was calculated using orbital simulation to determine when213

and where pairs of orbiting platforms would be in conjunction so as to allow atmospheric214

sampling. Next, these locations were used along with the NR fields to generate bending215

angles at each tangent point using the 2-dimensional forward model included in the Radio216

Occultation Processing Package (ROPP2D, ROM SAF, 2021). Finally, simulated observation217
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8 PRIVÉ ET AL.

errors were added to the simulated bending angles so that the simulated RO data would218

have similar characteristics to those of real RO data.219

The spatiotemporal locations of the RO profiles were calculated using idealized Keple-220

rian propagation of a series of satellites. Satellite rise-set times were computed between the221

observing satellites and all four major GNSS constellations (GPS, GLONASS, Galileo, Bei-222

Dou) using a limb-facing sensor field of view pointing at the horizon with an elevation angle223

sufficient to achieve a maximum occultation point geodetic altitude of 150 km. One sensor224

was mounted on the forward plane of the satellite in the in-track direction, while another225

was mounted on the aft plane in the in-track direction. The occultation point’s Euclidean226

position in an Earth-centered inertial frame was recorded at a sampling rate of 50 Hz at rise227

time minus 100 seconds all the way through set time plus 100 seconds.228

The ROPP2D forward model is based on the two-dimensional bending angle operator229

employed at the European Centre for Medium-Range Weather Forecasts (ECMWF, Healy230

et al., 2007) in their Integrated Forecast System (IFS, e.g., Ruston and Healy, 2021). For231

this study it was configured to enable the 2-dimensional ray tracing capability only below232

10 km atmospheric height. The G5NR temperatures used with ROPP2D in the stratosphere233

are smoothed with a simple filter to remove an erroneous ‘stair-step’ feature introduced by a234

problem with temperature remapping during the generation of the NR fields. This smoothing235

is described in detail in Privé et al. (2022) and was not required in the troposphere. While236

the ROPP2D operator is used to simulate the bending angles, the one-dimensional NCEP237

Bending Angle Method (Cucurull et al., 2013, NBAM) operator is used by the GSI to ingest238

the data.239

Observation errors stem from multiple sources - instrument errors, operator errors, and240

representativeness errors. In the GMAO OSSE framework, there is some degree of operator241

error due to the use of different operators to simulate and to assimilate the RO. However,242

instrument and representativeness errors are generally lacking compared to real observations.243

The simulated RO errors are calibrated by simulating the 2020-based RO data and comparing244

the statistics of observation innovation for the simulated RO data with the observation245

innovations for real RO ingested for the same time period. The simulated errors include246

a random uncorrelated component as well as a vertically correlated random component,247

selected to match the vertical correlation of real RO data. The magnitude of the simulated248

errors varies with both latitude and height as described in detail in Privé et al. (2022),249

because errors particularly in the troposphere are affected by the presence of moisture.250
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GNSS-RO RETENTION 9

The assumed uncertainty model applied to the simulated bending angles is an important251

part of the data assimilation system used to produce the analyses and forecasts in the252

experiments. The uncertainty model employed for this study is based on that used at the253

ECMWF (described in Ruston and Healy (2021)) and implemented into GSI. The bending254

angle observations at each tangent point over the globe are given the same treatment in255

this model, which only varies the uncertainties as a function of impact height in the vertical.256

Uncertainties are assigned a value of 20% of the observed bending angle value at 0 km impact257

height, decreasing linearly with impact height to 1.25% at 10 km. A constant uncertainty of258

1.25% is used above 10 km until the lower limit of the uncertaintly model is reached, which259

is 3 microradians. The results of applying this uncertainty model are shown in Figure 1 for260

the month of August in the Poor RO scenario.261

2.3 Experiment Setup262

A Control and two experiments were run from 1 July to 30 September in the second year263

of the NR. For the Control case, the simulated global observing network is based on the 2020264

observing network but with all RO data excluded. Calibration and spinup of the OSSE is265

performed during the month of June in the second year of the G5NR. The iterative nature of266

the calibration process allows the satellite bias coefficients to spin up over what is effectively267

a much longer period, in this case on the order of several months. The experiment period268

is from 1 June to 30 September in the second year of the G5NR. Analyses are produced269

four times daily, at 0000, 0600, 1200, and 1800 UTC. Short 24 hour forecasts are initialized270

from the analyses four times daily, along with the use of the FSOI tool. Longer seven day271

forecasts are initialized once daily starting from the 0000 UTC analysis.272

The poorly distributed experiment adds RO observations from a set of eleven polar or-273

biting platforms, as indicated in Table 1. For the Poor experiment, eleven satellites using274

a 90 degree field of view were used to represent a “worst possible” realistic case of satel-275

lite spatial-temporal distribution. These orbits were selected semi-randomly from a pool of276

known current or future RO missions in sun synchronous orbits constrained to equatorial277

crossing times in the morning only (0900 - 1100 local time). Their orbit altitude param-278

eters were modified slightly to ensure the set of satellites did not feature any discernible279

resonances or synchronicities with one another, so as to simulate a lack of consideration280

for spatial-temporal distribution. A small portion of RO observations from both experiment281
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cases were randomly removed to bring the daily average of observations as close to 14,000282

as possible, with roughly 3,500 soundings for each cycle time.283

The average count of RO observations (not soundings) per 500 km by 500 km areal bins284

is shown in the top panels of Figure 2 for the Poor experiment over all cycle times and285

also for the distribution corresponding to the 0000 UTC and 1800 UTC cycle times. The286

greatest density of RO observations in the Poor experiment is over the polar regions with a287

minimum over the Tropics. For individual cycle times, there is an orbital swath under which288

the observational density is high, with gaps in which there are no RO observations. While289

there are some regions that have some orbital coverage more frequently than every twelve290

hours, most areas are observed twice daily at twelve hour intervals and there are gaps every291

six hours that move westward during the day.292

For the well-distributed experiment, twelve satellites using a 120 degree field of view293

were used to represent a roughly “best possible” case of satellite spatiotemporal distribution.294

These orbits were selected in a two-segment constellation for optimal 6-hour global refresh as295

shown in Table 1. An additional satellite was necessary in the Well experiment to ensure that296

the counts between the two experiment experiments remained the same. Heat maps of RO297

observation density for the Well experiment are shown in the bottom panels of Figure 2. The298

greatest density of RO observations in the Well experiment is in the Tropics, with similar299

distributions at all four cycle times. As with the Poor experiment, there are approximately300

14,000 RO soundings per day in the Well experiment.301

In standard operational cycling mode, the NWP process uses a background field taken302

from a previous forecast - in this case six hours prior - and performs data assimilation303

to produce a new analysis, and then initiates a new forecast based on the new analysis.304

This forecast then provides the background for the next analysis cycle. In cycling mode,305

the information content from the ingested observations accumulates in the background in306

addition to the information stemming from the current cycle batch of observational data.307

An alternative method of producing analyses can be performed in which RO observation308

information from the current cycle time is isolated. In this method, the backgrounds are309

taken from the Control run where no RO data are used, and the analysis is generated310

using the Control plus RO observations. This method will be referred to as ‘Standalone’,311

and comparison of the Standalone analyses with the Control analyses isolates the impact312

of the RO observations on the current analysis while excluding both accumulation of RO313

information and complications due to model feedbacks and differing backgrounds. Both314
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cycling and Standalone experiments were run for the Well and Poor experiments and these315

results will be compared.316

3 Analysis Impacts317

Analysis errors can be directly calculated for model fields by verifying the analysis state318

against the NR fields regridded to the same resolution. The root-temporal-mean-square error319

(RMSE) at each model gridpoint is calculated for the Control and each of the experiment320

runs using four times daily analysis states from July to September. The observation impact321

of RO data on the analysis state (∆RMSE) is calculated and normalized (RMSEN) by the322

Control RMSE as follows:323

∆RMSE = RMSEExp − RMSEControl (1)

RMSEN =
∆RMSE

RMSEControl

(2)

For these calculations, negative ∆RMSE and RMSEN indicate an improvement, or reduc-324

tion in the analysis error, when RO data are included. A value of -0.1 for RMSEN can be325

interpreted as a 10% reduction in RMSE of the experiment case analysis error compared to326

Control.327

3.1 Daily Impacts328

First, results are shown considering all four analysis cycle times per day in the calcula-329

tions of RMSEN to evaluate the overall impacts of RO in the two experiments. The zonal330

mean RMSEN for temperature, specific humidity, and zonal wind analyses are shown in331

Figure 3 for the Poor experiment, Well experiment, and difference between Well and Poor332

experiments. For the left and center columns, blue coloration indicates that both RO ex-333

periments have a beneficial impact on the analysis state compared to Control, in agreement334

with many previous OSE and OSSE studies. In the right column, blue coloration indicates335

that the Well experiment has a more beneficial RO impact than the Poor experiment.336

Overall, the impacts of RO in the Poor and Well experiments are similar in distribution337

and magnitude for temperature, humidity, and wind respectively. Temperature impacts are338

greatest in the upper troposphere and stratosphere, particularly in the Tropics. The Well339

experiment has greater beneficial temperature impact in the Tropics than the Poor experi-340

ment, while the Poor experiment has more beneficial impact than the Well experiment near341
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12 PRIVÉ ET AL.

the poles, especially the south pole, as expected from the large difference in numbers of RO342

observations at high and low latitudes (Figure 2). Some areas of degradation are noted in the343

extratropics below 500 hPa; this has been seen in previous OSSE experiments (Privé et al.,344

2022). The degradation is largely in the form of the introduction of temperature biases by345

the RO data (not shown). The cause of the bias is not understood, but may involve differ-346

ences between the two-dimensional ROPP operator used to simulate the bending angles and347

the one-dimensional NBAM operator used to ingest the data. Another possibility is small348

errors in the coefficients in the equation for refractivity, especially the k1 coefficient for the349

“dry” term; experiments with large numbers of RO data in the Radio Occultation Modeling350

Experiment (ROMEX, Anthes et al., 2024) have shown great sensitivity in several different351

models’ biases due to small (0.05%) changes in k1 (Shao et al., 2025).352

Maps of ∆RMSE between experiment experiments and Control for the temperature353

analysis are shown for select levels in Figure 4. Blue color indicates that the experiment354

has less analysis error than the Control for the left and center columns, while for the right355

column, blue indicates less error for the Well experiment compared to Poor. Note that values356

of ∆RMSE are not normalized, and are in units of K. In the stratosphere (top row), RO357

impacts are relatively uniform, particularly for the Well experiment. In contrast, the Poor358

experiment has weaker beneficial impacts in the Tropics and similar beneficial impacts in359

the midlatitudes and near the poles in the stratosphere compared to Well (Figure 4c). In360

the upper troposphere (center row), impacts are strongly beneficial across the Tropics, with361

better impacts in the deep Tropics in the Well experiment. There are only small impacts over362

North America, Europe, and parts of Asia, likely due to the density of in situ observations363

such as rawinsondes and aircraft in these regions. At the 250 hPa level, the Poor experiment364

has more beneficial impact than the Well experiment in the polar regions.365

At lower levels (Figure 4, bottom row), the impacts are complicated, with degradation366

due to RO observations over some land regions, Antarctica, and near the ITCZ in the In-367

dian Ocean, which are primarily due to induced temperature biases (not shown). Beneficial368

temperature impacts are seen at low levels over subtropical and extratropical oceans. In the369

Antarctic region, a higher density of RO in the Poor experiment results in near-neutral im-370

pacts, while in the more sparsely observed Well experiment there is substantial degradation,371

particularly over sea ice.372

Humidity impacts are beneficial for both the Poor andWell experiments below 300 hPa as373

seen in Figure 3. The RO observations do not contain useful humidity information above 200374
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hPa, so the stratospheric impacts are not shown. In the troposphere, the difference in impacts375

between the Well and Poor experiments for humidity follows the difference in observation376

concentration, with stronger beneficial impacts in the Tropics in the Well experiment and377

stronger beneficial impacts in the Poor experiments at the poles.378

Figure 5 shows maps of the RO impact on specific humidity at the 850 hPa level. As379

specific humidity itself has a strong latitudinal gradient, both ∆RMSE (top row) and380

the normalized RMSEN (bottom row) are shown. While the temperature impacts at this381

level were mixed, the humidity impacts are beneficial over almost the entire globe. The382

large impacts over the tropical Atlantic are important for tropical cyclogenesis. The Poor383

experiment outperforms the Well experiment near the poles, while the Well experiment is384

more impactful over the Tropics, especially in localized areas over the eastern Pacific, eastern385

Atlantic, and Indian oceans.386

Overall, the differences between the Poor and Well experiments are largely explained by387

considering the difference in the observation distribution along with the sensitivity of the388

system to the addition of RO data given the current data assimilation system and global389

observing network. The Well experiment impacts, with nearly uniformly distributed RO390

observations, give an estimate of the location of areas of sensitivity. The Tropics are partic-391

ularly sensitive the addition of RO, especially in the upper troposphere and stratosphere for392

temperature and the mid troposphere for humidity and zonal wind. Antarctica is also a local393

region of sensitivity due to the high surface altitudes and model difficulties in accurately rep-394

resenting the extreme conditions. Due to the large geographic extent of the Tropics, the Well395

experiment outperforms the Poor experiment when considered globally due to the greater396

number of RO observations near the equator.397

3.2 Cycle Time Impacts398

While the overall impact of RO in the Poor and Well experiments has been shown to399

depend largely on the number and spatial distribution of the RO data, there is an additional400

question of the role of temporal frequency of the observations (refresh rate). In the Well401

experiment, RO spatial coverage is relatively uniform in time, as illustrated by comparing402

the daily means and 0000 and 1800 UTC observation distributions in the bottom row of403

Figure 2. In the Poor experiment, most areas are more densely observed when there is an404
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overpass of the orbit, but are observed only at 12 hour intervals, i.e. at every other cycle405

time for a 6-hour DAS window.406

Retention of information from previous observations and addition of independent infor-407

mation obtained from the new observations both contribute to the necessary refresh rates.408

Retention of information depends on how quickly observational information is lost during409

the 6-h forecast interval between analysis cycles. When the information is well retained, a410

more frequent refresh rate is less important. The left panel in Figure 6 compares the infor-411

mation in the analyses at two consecutive cycles for the Well case, at times t and t + 6h,412

assuming the information content is roughly the same for the two cycles. During the 6-h413

forecast period, some information is lost through error growth. The 6-h forecast initiated414

at time t is used for the background in the t + 6h analysis. The observations ingested for415

the t + 6h cycle contain some information that is redundant (green and grey hatching in416

Figure 6) with the retained background information (grey area) and some new independent417

information (solid green). In the Poor case represented in Figure 6b, no RO observations are418

locally ingested at the t + 6h cycle time, so more background RO information is lost prior419

to the next ingestion of RO observations at t + 12h.420

The magnitude and distribution of retained RO information from one cycle to the next421

may be estimated by comparing the background error in the Cycling experiments with that of422

the Control (top row of Figure 7 for 50 hPa temperature). If no RO information were retained423

between 6-hour cycle times, the background in the Cycling experiments would be similar to424

that of the Control. The difference between the experiment background RMSE and Control425

background RMSE is a measure of the retained RO information. Figure 7a,b indicates large426

background impacts versus Control for both the Poor and the Well experiments especially in427

the extratropics, indicating a large retention of information in both experiments. It is notable428

that in the Poor experiment, background improvements are seen in areas that have not been429

overpassed in 12 h (Figure 7a), implying that information is fairly well retained at this430

timescale. The difference of the background errors between the Well and Poor experiments431

in Figure 7c indicates slightly better retention of information in the Well experiment in most432

of the tropics.433

Also shown in Figure 7 (bottom row) are the differences between the analysis RMSE and434

the background RMSE for the Poor (7d), Well (7e) and Well minus Poor (7f) experiments.435

Note that this metric includes both impacts of RO and for all other ingested data types;436

however, the impact of observations other than RO are small at 50 hPa. The Poor (7d)437
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and the Well minus Poor (7f) differences clearly reflect the difference in RO orbits. Under438

the orbits of the Poor experiment the observations have greater impact than the fewer439

observations in the Well experiment (pink areas in 7f), particularly in the tropics. However,440

this greater observation information content translates to relatively small improvements in441

the analysis, as shown in Figure 8g, which shows the differences in the analysis impacts of442

the Well minus Poor Cycling experiments.443

Figure 8 illustrates the Cycling and Standalone analysis impacts for the Poor and Well444

experiments and their differences (top two rows) and the differences between the Well and445

Poor for Cycling and Standalone experiments (bottom row) for temperature at 50 hPa.446

As mentioned above, the new observations ingested during an analysis cycle contain some447

information that is redundant with the retained information (the background) and some new,448

independent information. The total (redundant plus independent) information in the new449

observations is given by the Standalone reduction in RMSE (Figure 8b and 8e). Recall that in450

the Cycling case, RO information accumulates in the background, but in the Standalone case,451

the background state is taken from the Control in which no RO are ingested. The difference452

between RMSE between the analysis and the Control isolates the total information from453

the new RO observations (the green area in Figure 6 plus the redundant information in454

green/grey hatching).455

The difference between Standalone analysis impacts for the Well and Poor experiments456

is shown in 8h, illustrating the relative observation information content in the two experi-457

ments for a single cycle time. As expected, the Poor experiment has more new observation458

information from RO than the Well experiment (pink areas in Figure 8h) under the orbital459

swath with the exception of the equatorial region. Comparing Figure 8g and 8h indicates460

that there is less difference between Well and Poor analyses in the presence of retained RO461

information (Figure 8g) than when retained RO information is excluded (Figure 8h).462

The difference between the Cycling and Standalone analysis impacts for each experiment463

illustrates the amount of retained background RO information that is not redundant with464

the RO observations. There is a clear difference in the distribution of RO analysis impacts465

between the Cycling and Standalone cases for the Poor (Figure 8c) experiment, where the466

retained background information is evident in areas not currently overpassed, as well as to467

a lesser degree in the north Atlantic region and south of Australia. In the Well experiment468

(Figure 8f), the difference between Cycling and Standalone is small in the tropics but more469

substantial in the midlatitudes, indicating that the RO observation information content in470
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the extratropics may be more independent of the retained background information than in471

the tropics.472

We looked at similar differences in backgrounds(not shown) and analyses for temperature473

at 250 hPa and specific humidity (not shown) at 850 hPa. In both cases both the Poor and474

Well experiments show a large retention of information from previous cycles, especially in475

the tropics, in contrast to the stronger retention of information in the midlatitudes at 50476

hPa. The Cycling analysis impacts for temperature at 250 hPa are shown in Figure 9,477

highlighting the dominance of the tropical impacts. Further breakdown of the temperature478

impacts of RO in the tropics into mean (bias) and standard deviation of errors indicates479

the persistent improvements in temperature at 250 hPa are associated with smaller biases.480

Unlike at 50 hPa, the Poor overpass region is not as clearly delineated at 250 hPa in the481

difference between Well and Poor impacts.482

The results from these experiments show that 14,000 RO profiles per day make a large483

positive impact on analyses and forecasts for both the Poor and the Well distributions.484

Substantial amounts of information are retained from previous assimilation cycles, and this485

retained information is greater in magnitude than the new information provided in both486

the Well and Poor experiments. They also show that the Well experiment performance is487

better in most respects than the Poor experiment. The differences vary with altitude and488

latitude and are somewhat different for temperature and water vapor. The improvement of489

Well versus Poor depends on how well information from previous observations is retained in490

the analyses. When the information is well retained for more than six hours, a rapid refresh491

rate is less important. When the information is lost quickly, as in regions of rapid error492

growth, a rapid refresh rate is much more beneficial.493

4 Forecast Impacts494

It is instructive to examine the short-term forecast impacts in comparison to the analysis495

impacts of RO to evaluate the regional evolution of observational information at timescales496

longer than the 6-h intervals previously discussed. Short term forecast impacts are calculated497

for the 24-h forecasts for temperature on select levels in Figure 10 for the 0000 UTC cycle498

time.499

Comparing the 50 hPa impacts for the analysis (left columns in Figure 8) to the 24-500

h forecast impacts (top row Figure 10), several features stand out. First, the extratropical501
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impacts appear fairly similar while the tropical impacts are much weaker in the forecast than502

the analysis. Also, the orbital swath visible in the analysis impact difference between Well503

and Poor (Figure 8g) is not apparent in the comparison of Well and Poor forecast impacts504

(Figure 10c). These differences between the analysis and forecast impacts imply that in the505

stratosphere, the observation information in the Tropics is more rapidly lost than in the506

midlatitudes.507

At 250 hPa, a similar comparison between Figure 9 and the bottom row of Figure 10508

shows more congruence between the 24-h forecast impact and the analysis impacts in the509

upper troposphere compared to the stratosphere. Large forecast impacts are still seen in510

the Tropics, particularly in the east and central Pacific, Atlantic, and Indian Ocean regions.511

There are select areas of the Tropics where impacts are near zero in the forecast but more512

beneficial in the analysis, such as equatorial Africa, the Amazon basin, and off the southwest513

coast of Mexico and central America - these are areas of deep convection where physical and514

dynamical processes in the forecast model may result in destruction of information. In the515

midlatitudes, the RO forecast impacts are mostly neutral, rather than the mildly beneficial516

impacts seen for the analysis.517

Unlike in the stratosphere, in the upper troposphere (250 hPa) the difference between518

the Well and Poor experiment forecast impacts still shows evidence of the influence of the519

orbital overpass in the Poor experiment, as evidenced by Figure 10f. The difference between520

Well and Poor is clear in both the analysis impact (Figure 9c) and forecast impact (Figure521

10f), and the small advantage to the Well experiment over the eastern Pacific and Indian522

ocean areas that were not overpassed in the Poor experiment can still be seen. It is notable523

that while for the analysis impacts the advantage in the Well experiment is confined to the524

deep Tropics close to the equator, for the forecast impacts the Well advantage over Poor is525

more evenly spread from 30S-30N. These areas of greater benefit from the Well experiment526

occur in the gaps between the Poor experiment orbit.527

Medium-range forecast impacts are helpful to estimate the lifespan of retained RO infor-528

mation. Regional calculations of RMSEN temperature forecast impacts out to seven days are529

shown in Figure 11 for three regions: 20N-90N (Northern hemisphere extratropics, NHEX),530

20S-90S (Southern hemisphere extratropics, SHEX), and 20S-20N (Tropics). In the NHEX531

region, there is minimal difference in RO impact between the Well and Poor experiments,532

with both having initially strong beneficial impacts in the upper troposphere that last for533

3-5 days, and weaker but more persistent beneficial impacts in the lower troposphere. In the534
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SHEX, the Poor experiment outperforms the Well experiment (pink colors in Figure 11h)535

in the mid and lower troposphere for the first 2-3 days of the forecast. Both experiments536

have beneficial impacts in the upper and lower troposphere of the SHEX that persist for 4-5537

days, although weak degradation develops in the mid troposphere after an initial period of538

improvement.539

The Tropics has a similar pattern of temperature forecast impacts to the NHEX, with540

strong beneficial impacts in the upper troposphere that dissipate after 3 days, and weaker541

but more persistent beneficial impacts in the lower troposphere (Figure 11c,f,i). However,542

the upper troposphere impacts become detrimental after day 3, and there is a significant543

advantage for the Well experiment compared to the Poor experiment in both the upper and544

lower troposphere.545

Initially beneficial RO impacts in the Tropics that become detrimental after 2-4 days546

have been observed in previous OSSE studies (Privé et al., 2022). The temperature forecast547

degradation in the Tropics after day 3 is related to a temperature bias in which the entire548

column (not shown) is cooled - this is beneficial below 500 hPa but detrimental at higher549

levels. While initially the upper troposphere is warmer for the RO experiment cases, reducing550

the bias compared to Control, the upper level temperatures decrease steadily as the forecast551

progresses. After day 3, the Control begins to slowly warm at upper levels, but the Well and552

Poor cases continue to cool until day 5, resulting in greater bias compared to Control. One553

possible mechanism for this bias is a reaction from the model physics that is stronger and554

longer lasting when RO are ingested due to the greater adjustment to the initial state, such555

as through deep convection. This difference in bias is greater than the improvement to the556

error standard deviation (not shown) caused by the ingestion of RO, which still favors the557

experiments compared to Control.558

Forecast impacts for specific humidity are shown in Figure 12. In the troposphere, sig-559

nificant RO impacts on humidity persist for 2-4 days, with extended impacts noted near560

the surface. In the NHEX, there is little difference between impacts for Well and Poor, as561

seen for temperature. However, for the SHEX, there is an advantage for the Well experiment562

during the early forecast period in the lower troposphere. For the Tropics, the strong initial563

impact fades quickly in the mid troposphere, but persists longer in the lower troposphere,564

with much greater impacts in Well compared to Poor. These improvements in the lower565

tropospheric specific humidity forecasts are expected to improve forecasts of precipitation566

and tropical storm development.567
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5 Forecast Sensitivity Observation Impacts (FSOI)568

FSOI uses a linearized version, or adjoint, of the forecast model to estimate the simul-569

taneous impacts of all ingested observation types by a single metric of forecast skill. The570

GEOS/GSI adjoint includes linearization of moist convective processes, so is considered a571

‘moist’ adjoint (Holdaway et al., 2014). Because the linearization is only valid for short-range572

forecasts, FSOI is generally used on the 24-h forecast. Here, the choice of metric is the global573

24-h total wet energy error norm, calculated using the NR for verification. The total wet en-574

ergy error norm includes contributions from temperature, moisture, and wind errors. FSOI575

statistics are calculated for multiple subregions as illustrated in Figure 13. Negative FSOI576

values indicate a reduction in the 24-h forecast error due to the ingestion of observations.577

Figure 14 shows the FSOI estimates of mean observation impacts per cycle for all ingested578

observation types in the Poor and Well experiments, calculated using four cycle times per579

day. In the northern hemisphere midlatitudes (NHM), RO contributes approximately 10%580

of the total observation impact, ranking similar to the impact of two combined IASI or two581

combined ATMS platforms. The Well experiment has a slightly greater impact of RO than582

the Poor experiment in the NHM region. In the southern hemisphere midlatitudes (SHM),583

RO accounts for 13-14% of the total observation impact, with slightly greater impact in584

Poor compared to Well. For the SHM region, RO impacts fall between the hyperspectral IR585

platforms (CrIS-FSR and IASI) and the ATMS and AMSU-A microwave platforms.586

In the Tropics, there is a large difference in RO impact for the Well and Poor experiments,587

with RO contributing 26% of the total impact for Well but only 16% of the impact in Poor.588

RO observations have the second largest impacts of all data types in the Poor experiment,589

and the largest impacts in the Well experiment. Notably, the data types other than RO590

have weaker impacts in the Well experiment compared to the Poor experiment. The strong591

improvements to the background state in the Well experiment as noted in section 3.2 are592

the likely cause of this weakening of impacts in the Well experiment, leaving less ‘work’ for593

the observations to perform. The large fraction of the earth covered by the Tropics results594

in stronger RO impacts globally for Well compared to Poor.595

For subregions that are intermittently overpassed in the Poor experiment, the FSOI at596

different cycle times illustrates the local variability of RO impacts, particularly for the Poor597

experiment. In the West Pacific region (blue box in Figure 13), RO in the Well experiment598

is consistently one of the top two most impactful data types along with AMVs as shown in599
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Figure 15. For overpasses of the Poor orbit at 0000 and 1200 UTC, the RO FSOI is similar in600

magnitude to that of the Well experiment, but at 0600 and 1800 UTC the Poor orbit does601

not directly overpass and the local impacts are much smaller because fewer observations602

occur within the subregion. FSOI only considers the impact of observation types ingested603

during the current cycle, not impacts of observations ingested at prior cycles. The variability604

of FSOI with cycle time in the Well experiment can be due to the local diurnal cycles along605

with the availability of other data types such of rawinsondes and aircraft.606

One area of particular interest is the conterminous United States, represented by the red607

CONUS box in Figure 13. CONUS is very well observed with extensive in-situ observations608

from surface stations, rawinsondes, and aircraft. However, rawinsondes are predominantly609

available only at 0000 and 1200 UTC, and aircraft have a strong diurnal cycle of availability610

with minimum at the 0600 UTC cycle time. The Poor experiment overpasses CONUS most611

directly at 1800 UTC, at which cycle time the RO for Poor has slightly more impact than612

for the Well experiment. At the other cycle times, the Well experiment is more impactful,613

with large differences at 0000 and 1200 UTC when the Poor orbit has little coverage of614

CONUS, and a smaller difference at 0600 UTC when the Poor orbit overpasses but has less615

total coverage than at 1800 UTC.616

6 Summary and Discussion617

We have examined the importance of refresh rates for RO observations in numerical618

weather prediction model (NWP) forecasts given a fixed number of radio occultation (RO)619

profiles per day in observing system simulation experiments (OSSEs). We examined the620

reduction in RMS errors in temperatures and water vapor and the forecast sensitivity to621

observation impacts (FSOI) in the analyses and forecasts globally and for different regions.622

In these OSSEs, two different configurations of RO sampling have been explored - one623

experiment in which the RO observations have refresh rates of six hours (Well distributed624

local time and space, or Well), and a second experiment in which the refresh rate is 12625

hours (Poorly distributed in local time and space in alternating six-hour periods, or Poor).626

These experiments are based on configurations for low-Earth-orbiting satellites with the627

Poor experiment comprised of only polar orbits and the Well experiment comprised of both628

equatorial and polar orbits. The setup of the NWP data assimilation system includes analyses629

generated every six hours. In the Well experiment locations are sampled during every analysis630
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cycle, but most locations in the Poor experiment are sampled every other cycle. This setup631

shows the differences in RO impacts for a 6-h refresh rate compared to a 12-h refresh rate632

for a fixed number of profiles per day.633

Our results show that the assimilation of 14,000 RO profiles per day significantly improves634

analyses and short- and medium-range global forecasts regardless of refresh rates, with RO635

observations ranked between second and fifth in impact compared to other observations,636

confirming numerous previous studies. The new results show that there are advantages to637

a 6-h refresh rate with relatively uniform spatial and temporal sampling, compared to a638

12-h refresh rate, which has non-uniform spatial sampling every six hours and gaps in the639

local time coverage. These advantages depend on latitude and altitude, and are somewhat640

different for temperature, water vapor and wind. In general, the advantages to the well-641

distributed experiment are found in the tropics at all altitudes for temperature and the642

lower troposphere at all latitudes for water vapor.643

We show how the impact of the different refresh rates depends on the retention time644

scales of the observation impacts. The question of how frequently the atmosphere should645

be observed depends on how well the model retains the information from the assimilated646

observations. If the observational information is well retained and if forecast error growth647

is relatively slow, the repeat interval of observations (refresh rate) does not need to be as648

frequent. However, if there is a rapid loss of information due to rapid error growth (as649

in regions of rapid tropical or extratropical cyclone development), more frequent repeat650

observations are necessary.651

These experiments indicate that for most regions, the RO information is fairly well re-652

tained over 12 hours. Therefore, the RO impacts are largely a function of the daily observa-653

tional density (number of observations and horizontal resolution) along with the underlying654

capacity of the observations to improve the analysis state. The Well experiment is generally655

superior to the Poor experiment due to the more uniform distribution of observations in656

space and time, particularly in the Tropics.657

Outside of the Tropics and under the Poor experiment orbital overpass where the number658

of RO observations is greater, the observations are more beneficial in the Poor experiment659

than the Well experiment. The resulting analysis state is better, and some of this information660

is retained in the background state of the next assimilation cycle. However, at the next661

cycle, this overpass region is not observed in the Poor experiment, and the absence of RO662

observations results in little or no improvement in the regional analysis. The overall result is663
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a leapfrog situation in which for extratropical regions, the Poor experiment outperforms the664

Well experiment during an overpass of the Poor orbits but then falls behind during the next665

cycle when the same region is not observed. For a particular cycle time and location, there666

is an advantage to one experiment or the other, but when all cycle times are combined, the667

difference between Well and Poor is nearly neutral in the midlatitudes. The Poor case has668

an advantage over the Well case near the poles, especially the south pole, which is due to669

the high density of observations in the Poor experiment.670

In the Tropics where the number of RO observations in each cycle is similar in both671

experiments, the Well experiment has a consistent, persistent advantage in background,672

analysis, and forecast quality compared to the Poor experiment.673

The forecast impacts illustrate the timescale for retention of the RO information and674

demonstrate complex behaviors for different regions, altitudes, and model variables. Some675

RO information is retained in temperatures throughout the 7-day forecast in the upper-676

troposphere-lower-stratosphere and the lower troposphere in both the Northern and South-677

ern hemispheres. For specific humidity, the improvement occurs in the middle and lower678

troposphere and persists for about 4 days.679

The Analysis of Alternatives study that motivated this work sought to ascertain the680

importance of frequent refresh rates given a fixed number of observations. It should be681

noted that the rate of error growth is generally considered to be fastest at small scales and682

in regions of atmospheric instabilities. In order to resolve small-scale features, more frequent683

repeat intervals are required to compensate for rapid information destruction at these scales.684

Such high-impact cases include regions of rapid extratropical or tropical storm development,685

where frequent and timely observations are most needed. In cases where model error growth686

rapidly destroys observation information, the question might be asked as to whether frequent687

observations are actually useful as the information will not be retained in the forecasts after688

a short time. However, improving the analysis state is a useful goal, especially now as new689

AI models use analyses, reanalyses, and direct observation as training datasets.690

7 Data Accessibility691

The full GEOS-5 Nature Run Global Modeling and Assimilation Office, NASA (2014) is692

available for download from a portal at https://gmao.gsfc.nasa.gov/global_mesoscale/693

7km-G5NR/694
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The codes used to generate simulated observations are available on zenodo at https:695

//doi.org/10.5281/zenodo.11387384696

The GEOS/GSI version used for the experiment runs is available on zenodo at https:697

//doi.org/10.5281/zenodo.11387002698
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Errico, R. M., Yang, R., Privé, N., Tai, K.-S., Todling, R., Sienkiewicz, M. and Guo, J. 2013. Validation of version one of the741

Observing System Simulation Experiments at the Global Modeling and Assimilation Office. Quart. J. Roy. Meteor. Soc.742

139, 1162–1178. doi: 10.1002/qj.2027.743
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Orbit Type Platforms Control Poor Well

Equatorial 6 X

Polar 6 X

Higher Altitude SSO 2 X
Lower Altitude SSO 9 X

Table 1. Simulated observing platforms for GNSS-RO.
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Figure 1. Mean error (%) assigned to all simulated GNSS-RO observations over the globe. The mean of the uncertainies are
plotted for the month of August 2006 for the Poor RO scenario and are binned vertically with width of 1 km impact height.
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Figure 2. Heat maps of observation density (numbers per approximately 500km by 500km areal bins, averaged over three

months. Left panels, daily mean observation density per cycle time; center panels, observation density for the 0000 UTC
analysis cycle; right panels, observation density for the 1800 UTC analysis cycle. Top row, Poor experiment; bottom row, Well

experiment.
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Figure 3. Zonal mean RMSEN (unitless fraction) for analysis fields, normalized by the Control analysis error fields, July-

September. Top row, temperature; center row, specific humidity (shown below 200 hPa only); bottom row, zonal wind. Left

column, Poor experiment; center column, Well experiment; right column, difference between Well and Poor experiments.
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Figure 4. RMSE Exp � RMSE Control for analysis temperatures, July-September, K. Top row, 50 hPa; center row, 250 hPa;
bottom row, 850 hPa. Left column, Poor experiment; center column, Well experiment; right column, RMSE W ell � RMSE P oor .
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Figure 5. RMSE Exp � RMSE Control for analysis speci�c humidity at 850 hPa, July-September. Top row, non-normalized
� RMSE , kg kg� 1 ; bottom row, RMSE N (unitless fraction). Left column, Poor experiment; center column, Well experiment;
right column, di�erence between Well and Poor experiments.
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Figure 6. Schematic diagram showing the total information from RO in the analysis of two consecutive cycles at t and t + 6 h
for a) the Well experiment and b) for three cycles for the Poor experiment. The independent new information obtained from
observations is indicated by green areas, the retained background information is indicated by grey areas, and the observation
information that is redundant with retained background information is in hatched green and grey.
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Figure 7. Temperature RMSE di�erences at 50 hPa for the 0000 UTC cycle time, units of K. Top row, a,b) di�erence in
RMSE between experiment and Control, c) di�erence in RMSE between Well and Poor. Bottom row, RMSE di�erence beteen
analysis and background. Left column, Poor experiment; center column, Well experiment; right column, Well minus Poor.
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Figure 8. RMSE Exp � RMSE Control for analysis temperatures at 50 hPa (K), July-September. All calculations are for
the 0000 UTC cycle time only. Top row, Poor experiment; center row, Well experiment; bottom row, di�erence between Well
and Poor experiments. Left column, full Cycling experiment; center column, Standalone experiment; right column, di�erence
between Cycling and Standalone experiments.
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