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ABSTRACT
The standard statistical model of data assimilation assumes that the background and observation errors are
normally distributed, and the first- and second-order statistical moments of the two distributions are known or
can be accurately estimated. Because these assumptions are never satisfied completely in practice, data assimilation schemes must be robust to errors in the underlying statistical model. This paper tests simple approaches to improving the robustness of data assimilation in tropical cyclone (TC) regions.
Analysis–forecast experiments are carried out with three types of data—Tropical Cyclone Vitals (TCVitals),
DOTSTAR, and QuikSCAT—that are particularly relevant for TCs and with an ensemble-based data assimilation scheme that prepares a global analysis and a limited-area analysis in a TC basin simultaneously. The results
of the experiments demonstrate that significant analysis and forecast improvements can be achieved for TCs that
are category 1 and higher by improving the robustness of the data assimilation scheme.

1. Introduction
Data assimilation is a statistical interpolation procedure. The assimilation of observations in a tropical
cyclone (TC) region poses unique data assimilation
challenges, because the statistical assumptions of data
assimilation that provide a proper interpretation of the
observations at most locations and times become highly
inaccurate in a TC region. The primary source of this
inaccuracy is the error in the representation of TC dynamics by the model, which leads to large background
errors in the TC region. These large errors typically have
both a random and a systematic (bias) error component.
In data assimilation, the random component of the
background error is usually taken into account by assuming that the observation error has a representativeness
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error component in addition to the instrument error
component. In other words, the effect of the representativeness error is accounted for by using a larger
value of the observation error variance than that purely
due to instrument error. This approach is highly efficient in filtering observed information that is inconsistent
with the model dynamics (e.g., when the goal is to filter the
motions at the spatial scales that are unresolved by the
model). In TC data assimilation, on the other hand, we
may group the representativeness error with the background error, since we want to gently steer the time series
of analyses toward a time series of states that the observations support but that the model cannot develop on its
own. In other words, a primary concern is to prevent the
analyses from diverging from reality in addition to filtering
observation ‘‘noise.’’
In the terminology of mathematical statistics, the goal
is to make the statistical model of data assimilation robust to gross errors in the background. In fact, the
background error covariance matrices of the data assimilation systems are always somewhat inflated compared to
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the matrices that would be optimal if the probability
distribution of the background error was truly normal
and the estimates of the first- and second-order statistical moments were accurate (e.g., Szunyogh 2014, section 4.2.8). A similar effect can be achieved by deflating
the estimates of the observation errors and/or by assimilating observations that would normally be rejected
by the online observation quality control procedure,
because of their large departure from the background
(innovation).
On the other hand, assimilating observations that are
truly contaminated with gross errors can have catastrophic
analysis and forecast impacts, especially if the specified
observation errors are small. Therefore, finding a proper
mix of the measures to make the data assimilation system
robust to model errors requires careful considerations
and numerical experimentation, because even highly
accurate observations can create unbalanced analyses
and excite adjustment processes with negative effects
on forecast quality.
In this study, we search for efficient methods for the
assimilation of QuikSCAT 10-m wind retrievals (Hoffman
and Leidner 2005), Tropical Cyclone Vitals (TCVitals)
minimum sea level pressure (SLP) (Trahan and Sparling
2012), and dropwindsonde vertical profiles from TC reconnaissance programs (Parsons et al. 2008; Aberson
2003; Chou et al. 2011; Wu et al. 2007b). We use the research analysis–forecast system described in Merkova
et al. (2011) and Holt et al. (2013) to assimilate the observations. This system is based on the local ensemble
transform Kalman filter (LETKF) algorithm, and the
National Centers for Environmental Prediction (NCEP)
Global Forecast System (GFS) and Regional Spectral
Model (RSM). The system first prepares a global ensemble of analyses, which provides the large-scale information
for the subsequent generation of the regional ensemble of
analyses. The somewhat unusual choice to use the RSM as
the regional model is motivated by the fact that it was
specifically designed to be consistent with the GFS.
The ensemble-based data assimilation approach described here provides several potential benefits for TC
data assimilation. The coupling from the global to the
limited-area component provides a simple framework to
introduce information about the large-scale uncertainty
into the limited-area data assimilation process. In addition, the ensemble-based approach is expected to filter
some of the imbalances that may be introduced by assimilating observations near the lateral boundaries of
the limited-area model. Finally, the application of flowdependent error statistics is one of the most important
attributes of the ensemble-based approach for TCs (e.g.,
Torn and Hakim 2009; Torn 2010; Hamill et al. 2011;
Zhang et al. 2011).

We carry out assimilation experiments in three stages.
First, we test a number of approaches for the assimilation
of each TC observation type in a series of single-update
experiments (i.e., a background is only updated through
data assimilation at one time step). Second, the most
promising methods from the single-update experiments
are further tested in assimilation experiments cycled
over the lifetime of Typhoon Sinlaku (2008). We note
that Sinlaku was one of the strongest typhoons to occur
during the THORPEX Pacific-Asian Regional Campaign (T-PARC) and Tropical Cyclone Structure 2008
(TCS-08) field programs. These joint field campaigns
covered much of the northwestern Pacific basin and
collected observations from diverse platforms, many of
which were operationally available in real time (Parsons
et al. 2008). Typhoon Sinlaku was meteorologically interesting in that the operational centers had difficulty
forecasting several important periods during the lifetime of the cyclone: first, a rapid intensification over a
period of two days when maximum surface wind speed
increased from 45 to 120 kt (1 kt 5 0.5144 m s21; beginning at 1200 UTC 8 September), then the recurvature to
the northeast, and finally a second rapid intensification
from 20 to 70 kt over 18 h beginning at 1200 UTC on
18 September. This second rapid intensification, which
was captured by the dropwindsonde observations (Cooper
et al. 2008), was missed by the operational model forecasts.
Because of the forecast challenges and the abundance of
observations, Sinlaku provides an ideal setting for cycled
data assimilation experiments.
In the last stages of the experiments, we investigate
the analysis and forecast impact of the TC observations
on 250 forecasts of 120 h for a sample of 20 TCs from two
separate seasons (2004 and 2008) in the northwest Pacific basin. The 2004 season was included in the study
because of the authors’ extensive experience with this
year from previous studies (Holt et al. 2013) and the
2008 season was included because of the T-PARC data
coverage. The particular storms that occurred during
this period are summarized in Table 1.
The paper is organized as follows. Section 2 describes
the observation types used (TCVitals, DOTSTAR, and
QuikSCAT), while section 3 gives an overview of the
experimental design. Section 4 presents the results of
the experiments, and section 5 summarizes our main
conclusions.

2. Observations
a. QuikSCAT observations
While QuikSCAT observations are no longer available, similar observations are available now from the
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TABLE 1. The 2004 and 2008 typhoons and tropical storms (TSs) included in this study. Storm number indicates the order in which the
storm was named in the respective season. Data are taken from Atangan et al. (2004) and Cooper et al. (2008).
Name

Year

Storm No.

Max intensity (hPa)

Max category

First ANL time

ANL time steps

Mindulle
Tingting
Kompasu
Namtheun
Malou
Meranti
Rananim
Malakas
Kammuri
11W
Vongfong
Nuri
14W
Sinlaku
16W
17W
Hagupit
Jangmi
Mekkhala
Higos

2004
2004
2004
2004
2004
2004
2004
2004
2008
2008
2008
2008
2008
2008
2008
2008
2008
2008
2008
2008

10
11
12
13
14
15
16
17
10
11
12
13
14
15
16
17
18
19
20
21

916
963
991
927
954
997
954
997
985
996
985
948
1000
929
996
996
929
918
982
993

4
1
TS
4
2
TS
2
TS
TS
TS
TS
3
TS
4
TS
TS
4
5
TS
TS

0000 UTC 22 Jun
1800 UTC 24 Jun
1200 UTC 12 Jul
0600 UTC 24 Jul
1800 UTC 2 Aug
0000 UTC 2 Aug
0000 UTC 7 Aug
0600 UTC 10 Aug
1800 UTC 3 Aug
0000 UTC 11 Aug
1800 UTC 12 Aug
0000 UTC 16 Aug
0000 UTC 25 Aug
1800 UTC 3 Aug
0000 UTC 9 Sep
1800 UTC 12 Aug
1200 UTC 17 Sep
1200 UTC 23 Sep
1800 UTC 27 Sep
1800 UTC 27 Sep

51
38
18
33
27
14
25
13
17
20
21
29
18
56
14
11
32
31
11
22

Advanced Scatterometer (ASCAT) and Oceanat-2, as
well as from the next generation of observing systems
[e.g., Cyclone Global Navigation Satellite System, or
CYGNSS; Ruf et al. (2012)]. Several studies have discussed the impact of the assimilation of scatterometer
observations on TC analyses. Kunii et al. (2012) used an
ensemble-based technique for the estimation of the
analysis impact of scatterometer observations on shortterm forecasts, while others used 3D- and 4DVAR data
assimilation systems to assimilate scatterometer observations (Isaksen and Janssen 2004; Leidner et al. 2003)
and found a positive impact on both the track and the
intensity forecasts.
QuikSCAT retrievals are one of the most complicated
data types to be assimilated. Not only must we address
the causes of frequent large observation innovations, we
also have to find a proper definition of the observation
function, which is highly challenging. As for all retrievals, the specification of the observation error for
this instrument is highly challenging, because, in principle, the proper assimilation of a retrieval would require the specification of some parameters of the
retrieval algorithm and the use of a nondiagonal observation error covariance matrix (e.g., Szunyogh 2014,
section 4.6.3).
The level 2B processing of the QuikSCAT observations starts by separating single backscatter pulse measurements into 8–12 slices, each approximately 6 3
25 km2. Since pulses overlap, are either horizontally or
vertically polarized at different incidence angles, and

have different azimuth angles for forward- and
backward-looking pulses, there are multiple diverse
slices of measurements for the same geographical location. The satellite measurement swath is divided into a
square grid of wind vector cells (WVCs), which are 25 3
25 km2 for the dataset used here. The slices of each pulse
are assigned to the grid of WVCs based on the location
of the centroid of the slice. Because of the overlap of
pulses, many slices fall into each WVC (Lungu 2006).
The wind speed and direction are determined by retrieval and ambiguity removal steps that calculate the
maximum likelihood estimates of the measurements
within each WVC. In essence, each WVC observation is
the weighted average of the winds within a 12.5-km radius of the gridpoint location over such a short amount
of time that the observation may be considered to be
instantaneous for our purposes. The spatial averaging,
however, may introduce a significant amount of observation error in the presence of a strong horizontal wind
shear, such as that associated with TCs.
The observation function calculates the model estimate
of the observation at the time and location of the observation. As we define it for the QuikSCAT retrievals, the
observation function assumes that the boundary layer is
well mixed and neutrally stable. The virtual potential
temperature remains constant with height in a well-mixed
boundary layer. Since QuikSCAT winds are derived from
satellite measurements as neutral-stability winds, and
given the amount of vertical mixing associated with a TC,
both assumptions are reasonable.
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The extrapolation of the 10-m model-equivalent
background wind is performed using a basic hydrostatic approximation,
dp
5 2rg,
dz

(1)

to determine the height difference, dz, and pressure
difference, dp, between the first sigma level and the 10-m
height level, where r is the average density of the air in the
layer and g is acceleration due to gravity. The log-wind
profile,



10:0
z
 0 ,
V10 5 V
z1
log10
z0
log10

(2)

makes it possible to reduce the model wind, V, at the first
sigma level to a wind at a height of 10 m, V10 , where z1 is
the height of the first sigma level in meters and z0 is the
surface roughness length defined through empirical
methods as in Hoffman (2011). These equations are
underdetermined without an estimate for the average
density of the layer, which can be addressed with the
help of the following relationships. The virtual potential
temperature, Qy , is
Qy 5 Q(1 1 0:61w) ,

(3)

where w is the mixing ratio and the potential temperature, Q, is defined as
 x
p
Q5T o ,
p

(4)

where T is temperature, p is pressure, p0 is the pressure
at a reference level of 1000 hPa, and x 5 R/cp is a constant. Since Qy remains constant with height under our
assumptions about the layer, we may remove the pressure and the temperature height dependence from Eq.
(4). The average layer pressure p 5 ( psfc 1 p1 )/2, and the
average temperature T 5 p/(rR), between the surface
and first sigma level are substituted into Eq. (4). Using
the result in Eq. (3) then gives the average density:
p
r5
Qy R

 x
p0
(1 1 0:61w) ,
p

(5)

which determines a solution for Eqs. (1) and (2).

b. Tropical Cyclone Vitals
Tropical Cyclone Vitals (TCVitals) are a database of
real-time estimates of TC parameters, which can include
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the SLP, position, maximum wind speed, shape, and
size, just to name a few (Trahan and Sparling 2012).
Because the main purpose of using the TCVitals observations in this study is to deepen and reposition the
cyclone through the data assimilation process, we
will use only the information about the value and the
location of the minimum SLP. (Since our analysis
system does not employ TC relocation or cyclone bogusing techniques, the analyzed position and intensity
of the cyclone is entirely due to the assimilation of
observations.)
The smoothing that occurs as a result of using an ensemble mean to estimate the most likely background
and analysis state can be detrimental to the analysis of
both the intensity and position of the TC if there is
measurable uncertainty in the position of the TC. For
instance, Chen and Snyder (2007) assimilated only the
position of the vortex in an idealized ensemble Kalman
filter (EnKF) experiment with limited success and found
that when the difference between the background location and the observed location of the TC was larger
than the vortex size, the EnKF performed poorly. In
another experiment, Chen and Snyder (2007) showed
that assimilating the intensity reduced the ensemble
spread of the vortex position, leading to quicker convergence of the ensemble tracks, and minimizing the
negative effects of assimilating positions with large innovations. This is a promising result for the simultaneous assimilation of position and intensity. Torn and
Hakim (2009) chose not to assimilate minimum SLP in
their low-resolution (30 km) outer limited-area domain,
because they expected it to lead to degraded track and
intensity forecasts, as the model could not accurately
simulate TC structure at that resolution. In a later study,
Torn (2010) showed that there was an increase in
acoustic and gravity waves by as much as 30% (as
measured by the RMS value of the second derivative of
the dry air mass with respect to time surrounding the
TC) when intensity observations with large innovations
were forced into the analysis, which essentially resulted
in the rejection of the observation as the model quickly
returned to a state that could be resolved at the given
grid spacing. They did, however, assimilate the TC advisory position in another study (Torn and Hakim 2009),
and found similar results as those in Chen and Snyder
(2007): the position observations had a negative effect
when they were more than a few grid points from the
background estimate of the location. The results of these
studies suggest that assimilating both the intensity and
location of the vortex could be beneficial for a
moderate-resolution system, as long as the background
estimate of the location is not too far from the observed
position.
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The TCVitals serve as an excellent set of observations to test our ideas for the robustification of the data
assimilation scheme to large background errors related to model errors. We expect that the instrument
error for the TCVitals position to be on the order of
20 km based on the results of previous studies (Trahan
and Sparling 2012; Torn and Hakim 2009; Chen and
Snyder 2007). Because the current implementation of
our data assimilation system does not allow for an
explicit definition of the errors in the position of the
observations, the TCVitals position errors also enter
the data assimilation process as errors in the TCVitals
surface pressure observations. These are not purely
random errors, but include some flow-dependent systematic errors, because in certain large-scale environments the model forecast track errors have regular
biases. Ideally, such errors should be accounted for by
estimating the flow-dependent bias simultaneously
with the state by the data assimilation scheme (e.g.,
Baek et al. 2006). The development of such a capability for the research analysis–forecast system used in
this paper is in progress. In the present paper, we
employ a much simpler approach to account for the
model tendency to underforecast the intensity by
producing estimates of background minimum SLP that
are too high.
We account for the large flow-dependent systematic
background errors in the minimum SLP by reducing
the prescribed values of the estimated TCVitals observation errors. The statistical model implemented
by the data assimilation scheme assumes that the first
statistical moment (mean) of the observation error is
zero. By subscribing an unrealistically small observation error variance, we force the analysis closer to
the observation. Such an approach can be considered
because the TCVitals surface pressure observations
are unlikely to have gross ‘‘instrument’’ errors. (This
approach is formally justified for a simple situation in
the appendix.) A potential drawback of our approach,
however, is that the drastic reduction of the prescribed observation error may lead to an ‘‘overfitting’’
of the analysis to the observations, which greatly increases the likelihood of introducing gross imbalances
into the analyzed state. To verify that the detected
analysis improvements are not the results of such
overfitting, we compare the accuracy of the ensuing
forecasts to the control forecasts from both the global
and regional components of our system, using the
NCEP operational analysis as ‘‘truth.’’ Improvements
that cannot be sustained in the forecasts would be
indicators of overfitting. Another undesirable property of this approach is that it leads to an underestimation of the analysis error variance by the
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data assimilation scheme at the location of the center
of the TC. Despite these potential drawbacks, we
find that the approach works well in practice. This
result is a highly useful piece of information to guide
our intuition during the development of the flowdependent systematic position and intensity error
estimation procedure.
Finally, we note that at NCEP the TCVitals minimum
SLP observations are also assimilated by prescribing an
observation error variance that is smaller than the estimated observation error variance for these observations
(Kleist 2011). To be precise, in the operational system,
the prescribed observation error variance is a linear
function of the innovation with a value between 0.75 and
2.25 hPa2. We should keep in mind, however, that because NCEP also uses TC relocation and their data assimilation scheme includes a balance constraint, the
effect of the reduced observation error on the analyses
would be somewhat different in the NCEP system than
in our system.

c. DOTSTAR reconnaissance dropwindsondes
Weissmann et al. (2011) found that assimilating
DOTSTAR GPS dropwindsondes in a low horizontal
resolution 3DVAR system can improve track forecasts
by as much as 40%, while other studies found that
forecasts from global 3DVAR systems were improved
by 10%–30% (Aberson 2003, 2008; Wu et al. 2007a,b; Pu
et al. 2008; Chou and Wu 2008). The findings of
Weissmann et al. (2011) and Chou et al. (2011) indicate
that the assimilation of the adaptively collected dropwindsonde observations by the 4DVAR operational
systems was less beneficial than in a 3DVAR system,
because 4DVAR systems produced more accurate analyses than the 3DVAR systems. This result indicates
that the improvement of the analysis due to the assimilation of dropwindsonde observations strongly depends
on the quality of the background and the data assimilation system. Torn and Hakim (2009) and Torn (2010)
used an EnKF system with the Weather Research and
Forecasting (WRF) Model to study TCs, but they refrained from assimilating reconnaissance dropwindsondes in the outer domains with resolutions of 30–
36 km because of the degraded forecast skill shown by
Aberson (2008) at similar resolutions.
In this study, we consider dropwindsonde observations as a prototype for observations whose assimilation can lead to large innovations at multiple
atmospheric levels. Because dropwindsonde observations are routinely assimilated by both the operational
and the research data assimilation systems, their assimilation is the least challenging of those considered in
this study.
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3. Experiment design
a. Analysis–forecast system
The data assimilation system is an implementation of
the LETKF algorithm (Ott et al. 2004; Hunt et al. 2007)
using the NCEP GFS (Szunyogh et al. 2005, 2008) and
the NCEP RSM (Merkova et al. 2011). The system is
described in detail by Merkova et al. (2011) and Holt
et al. (2013). In this system, each global ensemble
member provides information about the large-scale flow
to its limited-area counterpart; however, the information is not returned to the global analysis. To our
knowledge, this is the only data assimilation system in
which the boundary conditions and the large-scale
forcing are provided by a consistently generated global
analysis ensemble for the preparation of the limitedarea ensemble of analyses; that is, the LETKF generates
an analysis for both the global and limited-area models
using conventional observations. The GFS is integrated
at T62L28 resolution, while the RSM has horizontal
resolution of 48 km and the same 28 vertical levels as
the GFS.
The analysis experiments discussed here include both
single-update and cycled experiments. All of the
limited-area experiments are started using a background
ensemble from the limited-area control run. The control
run is cycled using the data assimilation process to assimilate observations every 6 h for 3 days (a sufficient
amount of time to eliminate transient effects) before the
single-update and cycled TC observations experiments
are started. The global ensemble that we use to start the
analysis cycles of the 3-day spinup period is from a
global control run using our data assimilation system,
and it was cycled for several weeks prior to the starting
time of the regional experiments.
The control experiment assimilates all the observations assimilated at NCEP in real time excluding satellite radiances and TCVitals. It is important to note that
since cloud-affected radiances are not assimilated at
NCEP, rarely are direct radiance observations of TCs
included in the operational analysis. At the same time, in
the NCEP operational system, radiances are important
for defining the environment for the TC. Any in situ
observations from the T-PARC/TCS-08 campaign that
made it into the NCEP operational system are assimilated for the control run, including dropwindsondes.

b. LETKF data assimilation
An EnKF data assimilation scheme obtains an analysis by linearly combining an ensemble of background
forecasts to fit the observations of the atmospheric state
in a statistically optimal way. The LETKF is a specific
implementation of an EnKF with several unique

features: each state vector component (gridpoint variable) is calculated independently of the other state
vector components (gridpoint variables) (Hunt et al.
2007), it assimilates all observations within a given observation time window simultaneously, and at a given
grid point P, only observations within a local volume
around P can affect the analysis of the state vector
components at P.
The LETKF is used to prepare both the 40-member
global analysis ensemble and the 40-member limitedarea analysis ensemble as described by Merkova et al.
(2011) and Holt et al. (2013). Observations are assimilated to update the estimate of each state variable from
the 800-km-radius neighborhood of the location of the
state variable in both the global and the regional systems. Both the global and limited-area systems use the
vertical localization scheme described in Szunyogh et al.
(2008) for the global system.
A multiplicative covariance inflation is implemented
in both systems in order to compensate for the underestimation of the background covariances and variances by the sample covariance matrices for the
background ensembles. In the global system, the inflation factor varies in both the horizontal and the vertical directions. The horizontal variation of the inflation
factor in the global data assimilation system is needed
to account for severe underestimation of analysis uncertainty in observation-dense regions. An inflation
factor that varies only in the vertical direction, from 1.5
at the surface to 1.3 at the top, is used for our limitedarea system since the observation density does not
vary as drastically horizontally as it does in the global
domain.

c. Regular observation quality control
Our implementation of the LETKF performs two
main quality control (QC) checks of the observations.
An offline QC procedure is performed first by rejecting
observations that have an NCEP quality control flag of 4
or greater. Then, in an online QC procedure, we examine the magnitude of the innovations. Regularly, an
observation is rejected if the innovation is greater than
r 3 sigma_obs, where r 5 5 for regular observation QC,
and sigma_obs is either the background ensemble
standard deviation, or the observation error, whichever
is greater. For this choice of the threshold, however, the
QC algorithm discards most direct observations of TCs,
which motivates an alternate approach, tested here. This
alternative approach makes the Kalman filter more robust by employing a simple form of Huberization, in
which innovations larger than a critical value are clipped
at (i.e., set to) that critical value. [A general description
of the theory of robust statistics is provided by Huber
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and Ronchetti (2009), while the role of robust statistics
in data assimilation is discussed by section 4.2.8 of
Szunyogh (2014).]

d. Huberization of the innovations
The European Centre for Medium-Range Weather
Forecasts (ECMWF) has implemented a QC method
that reduces the weight of the observations associated
with large innovations instead of rejecting them
(Tavolato and Isaksen 2010). The procedure is called the
Huber norm QC. Roh et al. (2013) achieved a similar
effect for EnKF by clipping innovations with unusually
large absolute value to a prescribed maximum magnitude. In their approach, the Huberized EnKF analysis,
^
xa , is
^
x 5 xb 1 KG(dy) ,
a

(6)

where xb is the background mean, K is the Kalman gain
matrix, dy is the innovation, and the Huber function,
G(dy), is defined by
8
<dy if jdyj , c
G(dy) 5 c
if dy $ c ,
:
2c if dy # 2c

(7)

where c is a prescribed clipping innovation.
The general idea of the theory of robust statistics is
that some parameters of a statistical model can be
replaced such that the performance of the statistical
model 1) degrades only slightly for clean data (data that
satisfy all assumptions of the original statistical model)
and 2) improves the performance of the model for realistic data (e.g., Huber and Ronchetti 2009). In the
present case, the original LETKF statistical model is
modified by the replacement of dy by G(dy). Roh et al.
(2013) carried out simulated observation experiments
with an idealized model of midlatitude atmospheric
dynamics to show that the Huber function defined by
Eq. (7) satisfied the aforementioned two criteria for
EnKF. In the present study, we find values of the clipping innovation c that improve the performance of the
LETKF for observations of the real atmosphere by numerical experimentation.

e. Reduced observation errors for the TCVitals
We tested several options for the definition of
TCVitals SLP observation error. The first option uses
the same prescribed value of standard deviation of the
error, 3 hPa, as was used by Torn (2010). The value is
already clearly smaller than the actual value of the
standard deviation of the TCVitals observations, as it is
smaller than the roughly 5-hPa estimated error of the
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TABLE 2. Naming conventions and descriptions of experiments.
Descriptor

Definition

QC
Clipped
Kept
Slide

Discard overprescribed threshold (traditional)
Huberized at prescribed clipping height
No QC observation is kept
TCVital error is on a sliding scale as described in
section 3e; for single-update experiments, error
is 0.44 hPa
Const
TCVital error is fixed at 3 hPa for single-update
experiments
Combined XX Combines QC methods as described in section 4a;
XX indicates the value of the TCVital SLP error
used

more accurate best track estimates (e.g., Torn and
Snyder 2012; Landsea and Franklin 2013). A second
method for error definition is a sliding scale in which the
value of the standard deviation of the observation error
increases with increasing TC intensity. In our experiments, the standard deviation of the observation error
increases linearly with the intensity, maximizing at a
value of about 5.7 hPa at the most intense observation in
this study: 916 hPa. For Typhoon Sinlaku, the errors
range from approximately 0.4 to 4.7 hPa. The slope of
the line was chosen because it corresponds to the relationship between observations and the NCEP operational analysis errors [as determined by our storm
extraction procedure (Holt et al. 2013)], and provides a
reasonable proxy for the representativeness for our
system given the similarity in grid spacing. A more sophisticated method, which could be used is to define a
sliding-scale TCVital SLP error as a function of grid
spacing, observed central pressure, and ambient pressure using the exponential function of Holland (1980).
For the initial testing of the potential benefits of a
sliding-scale approach, however, our simpler approach
should be sufficient.

4. Results
a. Single-update experiments
First, single-update experiments are performed to find
an appropriate treatment of each TC observation type at
one analysis time. A summary of the naming conventions for the experiments is provided in Table 2. These
experiments explore the effects of assimilating each type
of observation for a single cycle when the observation
type is assimilated as the only additional observation
type. Some of the single-update experiments also explore the combined effects of assimilating multiple types
of TC observations simultaneously for a single cycle.
The single-update experiments that produce the most
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promising results are then tested more rigorously in
cycled experiments over many analysis cycles. Although
many tests were performed, the single-update experiments with suboptimal, or insignificant, results are not
discussed. Because the single-update experiments are
performed on a single cycle, the results may not be statistically significant, so we interpret improvement in a
more qualitative sense than in an absolute measure of
improvement.
We first assess the assimilation of the TCVitals SLP.
We find that the SLP observation can lead to the largest
analysis impact of any of the observation types investigated in this study, yet it is the most likely to be
rejected by the original online QC procedure. The QC
experiment, or control, is used as the benchmark for the
comparisons in the single-update section, and has analysis errors (relative to the best track information) of
13.3 hPa and 113.8 km for minimum central pressure and
position, respectively. The difference between the observations and the background for these experiments
is 220.1 hPa. The TCVital SLP is 982 hPa for this analysis time, and the best track is 989 hPa.
Figure 1 shows the results of various approaches of
TCVitals SLP assimilation. The Kept1Slide experiment
(Fig. 1, top left), in which the SLP observation is kept
with no QC using a standard error of 0.44 hPa—the result of using the sliding standard error described in
section 2b—leads to the greatest SLP analysis impact,
deepening the cyclone by 2 hPa more than the control,
reducing the minimum central pressure error to 11.3 hPa.
This is the deepest analyzed storm in any of our singleupdate experiments, which is expected given that the
magnitude of the observation error is very similar to the
background standard deviation. It is also one of the most
accurate position analyses with a position error of 104.6 km,
and the only TCVonly experiment to improve the position
analysis.
In the Kept1Const experiment (3-hPa error; Fig. 1,
top right), there is minimal impact (#0.05 hPa, and no
change in position) by the TCVital observation since
its prescribed error is much larger than the background
standard deviation of SLP at that location, rendering it
essentially ineffective at updating the intensity of the
cyclone in the analysis, even though quality control for
TCVitals was bypassed for this experiment. The same
outcome is true for the Clipped1Const experiment
(Fig. 1, bottom right), where the observation standard
deviation is set to 3 hPa and the innovation is clipped to
15 hPa.
At this analysis time, the observed cyclone is not
so deep that we would expect serious problems to
arise by assimilating the TCVital SLP with a very low
error value; however, a stronger storm might generate
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unwanted imbalances when keeping an observation
with a very large representativeness error component.
Huberizing the TCVital SLP innovation with clipping
innovation, c, equal to the regular QC threshold,
r 3 sigma_obs, or 2.2 hPa, and setting the observation
error to 0.44 hPa (Clipped1Slide, Fig. 1, bottom left)
provides a compromise between the two extremes, resulting in a deeper storm than in the Kept1Const (large
observation error) experiment, yet not as strong as in the
Kept1Slide (small observation error) experiment. The
assimilation of the SLP observation makes a correction
in the intensity analysis, reducing the error to 13.1 hPa;
however, there is no position change.
When the storm position is shifted as a result of the
assimilation of the TCVitals SLP observation, the potential negative effects of the changes in the mass field on
the analyzed wind field are a major concern. For instance, both Chen and Snyder (2007) and Torn and
Hakim (2009) showed that the assimilation of an observation of the storm location can have negative impacts on the analysis by generating a secondary circulation
pattern. Evidence of a similar phenomenon is seen in the
wind field of our TCVital-only experiments whenever
there is a major intensity change compared to the background. Figure 2 shows a north–south elongation in the
flow for experiments that assimilate TCVitals SLP, a
feature that is not present in the background from our
system, nor the NCEP analysis, which we use as a proxy
for truth. Neither the QC method, nor the choice of the
observation error, has any effect on the shape of the flow
when TCVitals SLP is assimilated, which is a problem
that may be eliminated only by improving the background estimate of location when this is the only available observation. Combined with the assimilation of
DOTSTAR or QuikSCAT, however, the assimilation
of a TCVitals SLP observation can have highly beneficial effects on the analysis of the circulation.
Experiments that assimilate only dropwindsonde or
QuikSCAT observations show marked improvement in
the pattern of circulation over the TCVitals experiments
as long as the observations are not subjected to our
original QC procedure. In the more successful experiments, we either turn off QC for the TC observations (not shown), or we use Huberization with
c 5 r 3 sigma_obs. The analysis of the low-level wind
field (Fig. 3) is more consistent with what we would
expect to see in an analysis at a moderate resolution:
a tighter inner core of relatively high-speed winds
around a more accurately defined center of circulation.
The intensity is also increased in all of the experiments
shown here, with DOTSTAR Clipped displaying the
lowest minimum central pressure error of 13.0 hPa. The
speed of the winds in the circulation is also increased
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FIG. 1. Mean SLP for experiments assimilating TCVitals MSLP observations. Shading shows SLP observation impact (hPa), defined as
control analysis minus experiment analysis. Contours represent the SLP analysis (black) and the background (gray). The tropical cyclone
symbols indicate the position of the center of the TC for the best track (black) and the experiment (gray) indicated in the title of the
particular panel.
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FIG. 2. The effect of the assimilation of the TCVitals SLP observation on the wind field at the lowest model level in
the different experiments. Shown are the wind field (black vectors) and wind speed (red contours) of each experiment, and the wind speed in the NCEP operational analysis (gray shading, from 10 to 25 m s21 in 5 m s21 increments).
Each panel is labeled with its experiment name (see Table 2). The tropical cyclone symbol indicates the best track
location.

when any QC method other than the original QC is used.
While the dropwindsonde observations play a more
significant role in increasing the intensity than the
QuikSCAT observations, likely because their impact is
through a deeper layer, QuikSCAT improvement lies
mainly in decreasing the position error to 104.6 km.
For both the QuikSCAT and the dropwindsonde observations, as for any other type of observation, there
are occasional truly erroneous observations that make it
past the offline QC. While there is evidence that, in

general, these observations should be trusted more than
in our original QC method, keeping the observations
without performing an online QC would likely introduce
other problems into the analysis. The results described
above suggest that Huberization may offer the necessary
compromise for an online QC method for the QuikSCAT
and the dropwindsonde observations, while the results
are less clear for TCVitals. We also note that a refined
definition of the Huber function may lead to further improvement of the analyses.
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FIG. 3. The effect of the assimilation of (left) QuikSCAT and (right) DOTSTAR dropsonde observations on the
wind field at the lowest model level in different experiments. Contours and vectors are the same as in Fig. 2. (top)
Original online quality control (QC), and (bottom) experiments in which the observation innovations have been
Huberized (clipped). The tropical cyclone symbol indicates the best track location.

Experiments that utilize all three observation types
support the findings of the single-observation-type experiments (Fig. 4) by improving both the intensity
and circulation patterns simultaneously in a manner
that is consistent with the conclusions of the singleobservation-type experiments: the TCVital SLP observation serves the main purpose of intensifying the
TC, while the QuikSCAT and dropwindsonde observations act to update the background circulation pattern. When these three observation types are used

together, the intensity errors are 12.9, 11.7, and 11.5 hPa
for Clipped1Slide, Combined 0.5, and Kept1Slide, respectively. The impact on maximum intensity is similar
for the Combined 0.5 and Kept1Slide experiments,
where the TCVital SLP is kept in both cases, but the
horizontal extent of stronger winds is changed and the
minimum SLP is reduced from 1000.5 to 1000.7 hPa for
Combined 0.5. In addition, all of the observation types
play a role in updating the estimated position, with the
best position estimate from the Kept1Slide experiment
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when error is reduced to 43.7 km. For this single-update
cycle, there is a degradation in position analysis with the
Combined 0.5 error of 176.5 km, which is 62.7 km worse
than the QC and is on the order of only one grid point.
With the typical results of the experiments combining
observation types, it is obvious that the original QC
method impedes the potential accuracy of the analysis of
TCs in our analysis system.
Based on the results of the single-update experiments,
we devised a combined experiment with a configuration
of the system that uses the following parameters for TC
observations:
d

d
d

FIG. 4. MSLP and wind field for the experiments assimilating all
three types of TC observations. (top),(bottom) All observations
assimilated with either Huberization (Clipped) or no QC (Kept)
applied to each observation and Slide TCVital SLP error (0.44 hPa).
(middle) Combined method of QC is applied for the observations.
The contours, shading, and vectors are the same as in Fig. 1.

dropwindsonde and QuikSCAT observations are assimilated by using Huberization with c 5 3r 3 sigma_obs,
allowing a larger innovation to be assimilated for the TC
observations;
TCVitals SLP is kept with no QC; and
the error in TCVitals SLP is set to 0.5 hPa so that the
observation error is comparable to the background
standard deviation.

Since the QuikSCAT observations constrain the estimate of the intensity of the TC, the TCVital observation can be assimilated without QC when QuikSCAT
observations are also assimilated. When QuikSCAT
observations are not available, however, the TCVitals
should also be Huberized in order to reduce the risk of a
distortion of the wind field and to limit the chance of
overfitting the analysis to the observations for strong
storms. The combined experiment is altered so that
TCVitals SLP is kept with no QC only when QuikSCAT
observations are present within a 58 radius; otherwise,
the SLP innovation is Huberized, along with the other
TC observation innovations, at the same clipping innovation of c 5 3r 3 sigma_obs.
An examination of the accuracy of the deterministic
forecasts started from the analyses of the singleupdate analysis experiments suggests that both the
experiment that kept all observations with no QC
(Kept1Slide ALL) and the Combined 0.5 experiment
provide initial conditions suitable for improving TC
forecasts. The track and the intensity forecasts started from the analyses of these experiments perform
better than the forecasts started from the control
(labeled QC No Special Obs in Fig. 5) analysis and the
Clipped1Slide ALL (with c 5 3r 3 sigma_obs) experiment analysis for the first 60 h. The Combined 0.5
experiment shows a slight track improvement over the
others from 60 to 84 h, (Fig. 5), but the intensity
forecast is degraded over the same time period. After
60 h, the forecasts shown in Fig. 5 for track and intensity show mixed results with no clear best choice,
indicating that the forecasts no longer exhibit strong
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FIG. 5. (top) Forecast track error, (middle) minimum SLP, and (bottom) minimum SLP error
for single-update experiments.

dependence on the differences between the initial
conditions.

b. Cycled experiments
1) SINLAKU ANALYSES
The two experiments we describe next were started at
1200 UTC 8 September 2008 from the background ensemble of the control experiment, and cycled over 35
cycles of 6 h, until 0000 UTC 17 September. This time
period was chosen to cover the first rapid intensification
and the subsequent recurvature of Typhoon Sinlaku.
Naming conventions for the experiments in this section

are the same as in the single-update experiments (see
Table 2) with one exception: Combined is altered as
described in the previous section.
The error statistics presented here are based on the
analyzed position and intensity at each analysis time.
The method for determining these metrics is the same as
in Holt et al. (2013): the location of the storm is identified as the grid point with the maximum positive vorticity at the 850-hPa level in the model, while the storm
intensity is the lowest SLP found within 18 of the vorticity maximum.
Figure 6 shows the time evolution of the minimum
SLP in the analyses of the different experiments (top
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FIG. 6. (top) Analyzed minimum SLP and (bottom) average position error over all analysis
cycles for Typhoon Sinlaku. Stars in the top panel indicate the times at which QuikSCAT
observations were available near the TC.

panel). The RSM Control experiment with conventional
QC and no additional TC observations performs poorly
and even degrades the GFS LETKF analysis at times.
The GFS LETKF experiment is the set of global analyses coupled with the RSM forecast model. While the
LETKF control experiments (GFS LETKF and RSM
Control) indicate a similar trend as the NCEP operational analysis (NCEP Oper ANL), none of them, including the NCEP analysis, captures the best track

intensity or trend in intensity. The average track analyses for the LETKF global and RSM Control experiments are the least accurate among those for which the
results are shown.
The Kept1Slide TCVonly (TCVitals are the only TC
observations and are assimilated in addition to conventional observations) experiment improves the simulated TC intensity early on, and then again at the end of
the cycling period, but does poorly during the most
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intense period of the TC development—a direct reflection of the observation error increasing with increasing intensity. Had the observation error remained
low throughout, the storm would have become much
deeper than observed (experiment not shown). When
the observation error is low (the storm is weak), the
analysis is more accurate, and vice versa, which is the
same result we observed in the single-update experiments for an analysis time when the storm was of relatively low intensity. Although the position error is
drastically improved over the LETKF control experiments, the configuration is still not the best choice. This
experiment demonstrates the weaknesses associated
with defining representativeness error as a component
of the static, prescribed observation error, especially in
the case of strong TCs. Both the intensity and track
analyses are degraded, and the analyzed intensity does
not follow the observed evolution in the best track intensity. The Kept1Slide TCVonly experiment performs
best during the periods when the TCVitals SLP error is
small (intensity is also relatively low), which further
supports the use of a smaller estimated TCVitals observation standard deviation.
The Combined experiment analysis has the best overall
performance: it captures both the rapid deepening and
the general trend in the intensity analysis, while also
providing the most accurate average position analysis. On
average, the Combined 0.5 experiment improves the
control intensity analysis by nearly 40% and outperforms
the NCEP analysis by 25%. In addition, the position
analysis is improved by 62% over the RSM Control and is
34% better than the NCEP operational analysis.
To investigate whether or not the added observations
improve the analyses directly, or by leading to better
backgrounds, we plot the time series of background and
analysis errors for the Control and the Combined experiments (Fig. 7). The picture is strikingly different and
more complicated for the position error (top panel)
compared to the intensity error (bottom panel). Most
importantly, the typical analyses and forecast errors are
much smaller for the Combined experiments, which
shows the beneficial effect of assimilating the added
observations. But, the error often decays in the forecast
step of the analysis cycle in both experiments. There are
also cases where the state update step of the analysis
cycle (the assimilation of observations) degrades the
accuracy of the estimate of the position of the storm.
Many of these cases occur at times when the circulation
is quite weak and ill-defined, resulting in large initial
position error (one or two grid points). In contrast, the
intensity error always grows in the forecast step and
the assimilation of observations almost always reduces
the intensity error. These results show that the dynamics
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of the position and the intensity errors are very different
and this difference in the dynamics leads to a profound
difference in the behavior of the assimilation system
with respect to the two types of errors.
In theory, a better analysis should lead to a more accurate forecast, but because many factors affect a TC
forecast, an accurate analysis of position and intensity is
never a guarantee of a better position or intensity
forecast. The next section investigates the impact of the
changes in the analyses because of the different assimilation strategies on the forecasts.

2) SINLAKU FORECASTS
Five-day deterministic forecasts were started every
6 h from the cycled analysis experiments discussed in
the previous section. At each analysis time, the timeaveraged forecast error is calculated and compared for
the different analyses. The statistical significance of the
difference between the forecasts from the different experiments is tested using the method discussed in detail
by Holt et al. (2013) at a 95% confidence level.
Figures 8 and 9 show no rapid decrease of the gain for
the Combined 0.5 experiment, as it performs much
better than the control forecast at most analysis times
through 3 days for both track and intensity forecasts. At
4- and 5-day lead times, the intensity and the position
forecasts are still improved compared to the control by a
large margin, but the difference is less often significant
statistically. In summary, the gains in accuracy of the
state estimates are long lived in the forecasts, which
demonstrates that the analysis improvements are
not a result of an overfitting of the analysis to the
observations.
The results of the cycled forecast experiments for
Sinlaku suggest that improving the initial conditions by
carefully assimilating the TC observations can lead to
improvements of the forecasts of TCs. Because the best
overall analysis was provided by the Combined 0.5 experiment, it will be the focus of the seasonal analysis–
forecast experiment in the next section.

c. Seasonal experiments
For a statistical examination of the performance of
the analysis configuration used in the Combined 0.5
experiment, a sample of analyses and forecasts for 20
storms (Table 1) from the 2004 and the 2008 seasons is
considered. For the evaluation of these experiments, the
TC analyses and forecasts are binned by the intensity of
the storms based on the best track wind speed at analysis
time. The analysis bins contain 371 weak (up to and including category 1), 84 moderate (categories 2 and 3),
and 45 strong (categories 4 and 5) TC analyses. The
analyses from Combined 0.5 experiments are compared
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FIG. 7. Combined 0.5 (colored) and Control (gray) errors in the (top) track and (bottom)
intensity for analyses (filled circle) and background forecasts (open circle) for each cycle. Each
color segment of the multicolored series represents the analysis and 6-h forecast error for
a given cycle of Combined 0.5. The gray series are the corresponding analyses and 6-h forecasts
for the cycled control run. Vertical differences between open circles and closed circles at
a given time show the improvement (or degradation) of the analysis by data assimilation.

to the control analyses, the global LETKF analyses,
and the NCEP operational analyses. In the Sinlaku
experiments discussed so far, TCVitals SLP observations were available at all analysis times. Over a full
season, however, there are many analysis times at
which TCVitals are not available either because of
messages not making it into the database, or because
the storm is not intense enough to warrant a TCVitals
message. Because of these reasons, TCVitals are assimilated in 96% of the strong and moderate storm
cases, but only in 61% of the weak storm cases.

The Combined 0.5 configuration makes statistically
significant improvements at the 95% confidence level to
both the position (Fig. 10) and the intensity analyses
(Fig. 11) of strong and moderate storms compared to our
global and regional control analyses. In addition, the
Combined 0.5 configuration makes improvements to the
intensity analyses in the NCEP operational analysis, and
is systematically consistent with the NCEP operational
position analysis for the strong and moderate storm
strengths; the probabilities that the distributions are the
same are 18% and 6%.
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FIG. 8. Difference between daily forecast intensity error averages of the Control and
Combined 0.5 experiments. Each bar indicates the averaged value over the indicated forecast
length started at one of the 35 analysis times for Sinlaku. All values show improvement due to
the assimilation of the TC observations. Gray shading indicates that the improvement is statistically significant at the 95% confidence level.

For the weak storms, the Combined 0.5 configuration
improves the intensity and position analyses of the original
QC control experiment at the 95% confidence level. The
improvements in the Combined 0.5 configuration over the
global analyses indicate that our global analysis has an 8%
chance of producing the same distribution of errors for
position analysis, while there is a 12% chance of producing
the same intensity errors in the NCEP operational analysis. Table 3 summarizes these findings.

The statistically significant systematic improvement
of analyzed intensity and position for all storm strengths
over the experiment where the original QC method is
used suggests that the Huberization of the innovation is
an efficient method for observation QC.
Five-day forecasts were started every 12 h from the
global and regional LETKF analyses. The results from
these experiments are also binned according to the best
track intensity estimates at verification time. Figures 12
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FIG. 9. Difference between daily forecast track error averages of the Control and Combined
0.5 experiments. Each bar indicates the averaged value over the entire forecast length started at
one of the 35 analysis times for Sinlaku. Positive (negative) values indicate forecast improvements (degradations) due to the assimilation of the TC observations. Gray shading indicates
differences between errors that are statistically significant at the 95% confidence level using
pairwise differences.

and 13 show the numbers of cases at each verification time.
The trends in the storm counts are a result of our experiment design. The cycling began for each TC while the
storm was still weak, continued through the most intense
phase of the storm, and ended after the storm became
weak again. Thus, the number of strong storms is steady,
because they were clustered during a shorter period in the
middle of each storm’s lifetime and there are two periods
of moderate intensity for each strong storm.

The Combined 0.5 configuration improves intensity
forecasts for strong storms (Fig. 12) through the first five
forecast days and moderate intensity storms through the
first three forecast days. It also improves the long-leadtime regional track forecasts of moderate and strong
storms (Fig. 13). Even though the magnitude of the
forecast improvements for strong and moderate storms
is seemingly large, the improvements are not statistically
significant. We expect that with larger sample sizes
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FIG. 10. Box-plot representations of the distributions of analysis position errors for different
TC intensities. GLETKF is the global LETKF analysis. NCEPHI is the NCEP operational
analysis at 18 resolution. Orig QC is the control experiment. Comb 0.5 is the Combined experiment with TCVitals SLP error defined as a constant 0.5 hPa. The line in the middle of each
box represents the median of the distribution, while the top and bottom of the boxes are the
75th and 25th percentiles, respectively. The whiskers extend to the data points with the largest
absolute magnitudes that are not outliers. Plus signs (1) indicate outliers.

for the stronger subset of TCs, we would begin to see
statistically significant improvements in the forecasts.
There is neither degradation, nor improvement in the
track and intensity forecasts of weak storms, most
likely a result of the lower signal-to-noise ratio, a
problem exacerbated by the fact that weak TCs do not
always warrant a TCVitals report. We expect that
when a TCVitals message is available, the Combined
0.5 method would make the best use of the limited weakstorm information compared to any of the other
methods of assimilation tested here. An alternative, as
pointed out by a reviewer, is that less weight should
be given to TCVitals observations of weaker storms

because 1) the TCVitals position uncertainty is larger
for tropical storms than tropical cyclones (Torn and
Snyder 2012; Landsea and Franklin 2013) and 2) the
background intensity bias (and, as explained in the appendix, the weight given to the TCVitals observations)
should be less for weaker storms.

5. Conclusions
Several strategies for assimilating TCVitals SLP,
QuikSCAT 10-m wind components, and reconnaissance
dropwindsondes in TC regions were tested in a coupled
ensemble-based global-limited-area analysis–forecast
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FIG. 11. As in Fig. 10, but for the intensity error rather than the position error.

system. These types of observations are often assimilated at times and locations when and where the statistical model of data assimilation does not describe the
distribution of the background errors accurately. Experiments were conducted to find efficient approaches
for improving the robustness of the assimilation of the
aforementioned observation types.
Our findings indicate that the best analyses are obtained when the QuikSCAT 10-m wind components and
reconnaissance dropwindsonde observations are assimilated using a QC method that reduces the weight
of the observations associated with large innovations,
but does not discard them. Using the terminology of
robust statistics, this approach can be described as
Huberization (robustification) of the innovations. To
the best of our knowledge, this is the first application of

the Huberization method of Roh et al. (2013) to an
ensemble-based Kalman filter assimilation of observations of the real atmosphere with models of operational
complexity. This approach uses a Huber function that
clips large innovations to a prescribed maximum. Morerefined Huber functions can be considered in the future.
Since our conclusions have been drawn based on experiments at low model resolution, their usefulness for
high-resolution hurricane models is yet to be verified.
Some discussion of the very small TCVitals-estimated
errors that are used in our experiments is called for.
Torn and Snyder (2012) provide objective estimates,
while Landsea and Franklin (2013) provide subjective
estimates of the uncertainty in best track TC position and
intensity. Further, since best track information is determined after the fact, using all available information,
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TABLE 3. Resulting p values from the two-sample Kolmogorov–
Smirnov tests of significance for the distributions of errors compared to the Combined 0.5 experiment given the null hypothesis
that the two sample distributions are from the same parent
distribution.
Strong
Position error comparisons
GFS LETKF
,0.00001
NCEP operational
0.1890
Original QC control
,0.00001
Pressure error comparisons
GFS LETKF
,0.00001
NCEP operational
,0.00001
Original QC control
,0.00001

Moderate

Weak

,0.00001
0.0637
,0.00001

0.0836
,0.00001
0.0016

,0.00001
,0.00001
,0.00001

0.0157
0.1201
0.0007

these estimates should be considered lower bounds for the
uncertainty of real-time TCVitals observations. For surface
pressure the published estimates are of order 3–10 hPa,
increasing with intensity. This is an order of magnitude
larger than the value used in the Combined 0.5 experiment.
In the introduction we anticipated that care must be taken
to devise the proper combination of strategies to make a
data assimilation system robust to model errors. For the
data assimilation system and data used in these experiments, the Combined 0.5 method gave the best results and
overcame the potential of unbalanced analyses and forecast failures. We do not claim that TCVitals central pressure estimates are so accurate; rather, we have found that
this is a better way to use the data. This approach is supported by the analysis given in the appendix. A plausible
alternative to increasing the weight given to the TCVitals
observations would be to inflate the ensemble background
variance. However, this would require specifying a separate method of localizing the inflation near the TC, and
would be dependent on the availability of TCVitals observations. We note that in the absence of QuikSCAT
observations, Huberization is applied to the TCVitals observation increment; the very large weight implied by
such a small error standard deviation is only realized in
cases where the background and TCVitals observation
are already consistent. We anticipate that the optimal
error variance for TCVitals observations will increase
(and the optimal weight given to the observations will
decrease) as the forecast model used in the data assimilation system improves and provides decreased TC
intensity bias.
Therefore, the TCVitals SLP observations were assimilated using very small values of the observation error variance to mimic the effect of flow-dependent
background bias correction at the center of the TCs. In
some ways the procedure is similar to a vortex initialization approach, but the LETKF uses the ensemble of
short-term forecasts as a basis for improving the TC
representation as compared to assimilating synthetic
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profiles from an idealized vortex consistent with the
position, intensity and size of the observed TC (e.g., as in
Chou and Wu 2008).
When the three types of TC observations were assimilated simultaneously, using the aforementioned
approaches for the robustification of the data assimilation, the analyses and forecasts of the category 2 and
higher-intensity TCs showed large systematic improvements. The intensity analyses and forecasts were greatly
improved compared to those in our control experiment,
and even outperformed the operational NCEP analyses
in some cases. The changes in the track analyses and
forecasts due to the assimilation of the TC observations
were more modest, but positive. We also found evidence
for improvement of the analysis of the circulation
around the center of the TC when the assimilation of the
different observation types was properly combined.
Acknowledgments. We thank Rob Korty, R. Saravanan,
and Mikyoung Jun who provided suggestions that improved the presentation of our findings. This work was
supported by ONR Grant N000140910589.

APPENDIX
Estimating Minimum Variance for Biased
Background
a. Overview
The simplest scalar analysis problem is used here to
estimate the best adjusted observation error standard
deviation. When the background, xb, is biased with
mean error b 6¼ 0, then its mean squared error b2 1 Pb is
composed of two terms—one due to the bias and one, Pb,
due to random errors. Applying the standard analysis
procedure results in a biased analysis x~a . The biased
analysis is still a minimum variance, but its expected
2
~ 2 b2 1 P~a is increased by the
squared error ~a 5 (1 2 K)
~ 2 b2 . Here, P~a is the variance of
filtered bias term, (1 2 K)
a
~ is the Kalman filter gain, or in this simple case,
~ and K
the weight given to the data. It will be shown that an
^ reduces the
optimally reduced observation variance, R,
weight given to the biased background and results in a
smaller mean square analysis error, but with the cost
that the analysis no longer represents the minimum
variance. The larger variance of the optimized analysis
x^a is more than offset by the reduction of the bias
component of the squared analysis error. For example,
for thepcase
ﬃﬃﬃﬃﬃﬃ of a low-resolution forecast
pﬃﬃﬃﬃ of an intense
TC, if Pb 5 4 hPa, b 5 40 hPa, and R 5 5 hPa, then
the best choice of observation standard deviation would
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FIG. 12. Average intensity errors (hPa, lines, right axis) as a function of forecast time (h) for
(top) strong, (middle) moderate, and (bottom) weak best track intensities at verification time.
Bars represent the numbers of observations (counts, left axis) used to calculate the average at
each verification time.

pﬃﬃﬃﬃ
be R^ 5 0.5 hPa. This and another example calculation
are given in Table A1.

b. Mean squared analysis error
For a data assimilation scheme that uses the Kalman
filter update equations, such as the LETKF, the analysis,
xa 5 xt 1 a , is the weighted sum of a biased prior
(background) estimate, xb 5 xt 1 b 1 b , and an observation, yo 5 xt 1 o :
xa 5 (1 2 K)xb 1 Kyo .

(A1)

Here, xt is the truth, K is the filter gain, and a , b , and o
are random errors with zero mean and variances Pa , Pb ,

and R. Also, b and o are uncorrelated, and b is the bias
(or expected error) of the background. In our study, xa is
the analysis of minimum SLP of a TC, xb is the 6-h
forecast, and yo is the TCVitals estimate. Writing Eq.
(A1) in terms of errors gives
a 5 (1 2 K)(b 1 b ) 1 Ko .

(A2)

Squaring Eq. (A2), taking the expectation (denoted by
an overbar), using the facts that b and o are unbiased
2
and uncorrelated, and noting that the expectations of b
o2
b
and  are the variances P and R yields
a 5 (1 2 K)2 b2 1 (1 2 K)2 Pb 1 K2 R.
2

(A3)
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FIG. 13. As in Fig. 12, but for track error (km).

Since the first term on the r.h.s. of Eq. (A3) is equal to
the square of the analysis bias, a 5 (1 2 K)b, the sum of
the last two terms must be equal to Pa , the variance of a .

c. Minimum squared error estimator
There should be an optimal value of K between 0 and 1
that minimizes the expected squared analysis error. To
^ we differentiate
determine this value of K, denoted K,
^
Eq. (A3) w.r.t. K, set the result to zero, and solve for K,
obtaining
^5
K

Pb 1 b2
.
b
P 1 b2 1 R

(A4)

d. Minimum variance estimator
If instead we seek the value of K that minimizes the
expected analysis variance, we would follow the same
steps, but first we would eliminate the (1 2 K)2 b2 bias
term in Eq. (A3). This is equivalent to setting b 5 0 and
results in
K~ 5

Pb
.
Pb 1 R

(A6)

~ Eq. (A3) can be simplified to
With K 5 K,

^ Eq. (A3) can be simplified to
With K 5 K,
2
^ .
^a 5 KR

This is a minimum since the second derivative of a2 is
2(Pb 1 b2 1 R), which is positive.

(A5)

2
~ 2 b2 1 KR.
~
~a 5 (1 2 K)

(A7)
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~ and K,
^ which are unitless.
TABLE A1. Two sample calculations. Units are in hPa, except for K

pﬃﬃﬃﬃﬃﬃ
Pb

b

pﬃﬃﬃﬃ
R

pﬃﬃﬃﬃ
R^

~
K

^
K

~a

^a

pﬃﬃﬃﬃﬃﬃ
P~a

pﬃﬃﬃﬃﬃaﬃ
P^

qﬃﬃﬃﬃﬃﬃ
2
~a

qﬃﬃﬃﬃﬃﬃ
2
^a

8.00
4.00

20.00
40.00

5.00
5.00

1.86
0.50

0.72
0.39

0.95
0.98

5.62
24.39

1.02
0.61

4.24
3.12

4.76
4.92

7.04
24.59

4.87
4.96

On the r.h.s. of Eq. (A7), the first term is the squared
bias of the analysis and the second term is the analysis
variance.

e. Unbiased minimum variance estimator
When the background is unbiased (b 5 0), the minimum squared error estimator and the minimum variance estimator are identical. In this case the analysis is
~ and a2 5 KR. Note that the minimum
unbiased, K 5 K,
analysis variance is the same when b 5 0 and when
b 6¼ 0.
To gain the advantage of Eq. (A4) when using Eq.
(A1) without a prior correction of the bias, we set
K^ 5

Pb
Pb 1 R^

(A8)

in Eq. (A4) and solve for the optimally reduced observation variance
R^ 5

R
.
1 1 b2 /Pb

(A9)

When b2  Pb , Eq. (A9) reduces to the following simplified form in terms of standard deviations:
pﬃﬃﬃﬃ pﬃﬃﬃﬃﬃﬃ
R^
Pb
pﬃﬃﬃﬃ 5
.
jbj
R

(A10)
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