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Abstract: Observations of sea surface wind field are critical for typhoon prediction. The scatterometer
observation is one of the most important sources of sea surface winds, which provides both wind
speed and wind direction information. However, the spatial resolution of scatterometer wind is low.
Synthetic Aperture Radar (SAR) can provide a more detailed wind structure of the tropical cyclone.
In addition, the cross-polarization observation of SAR can provide more detailed information of
high speed wind (>25 m·s−1) than the scatterometer. Nevertheless, due to the narrow swath of SAR,
the number of retrieved sea surface wind data used in the data assimilation is limited, and another
limitation of SAR wind observation is that it does not provide true wind direction information.
In this paper, the joint assimilation of the Advanced Scatterometer (ASCAT) wind and Sentinel-1
SAR wind was investigated. Another limitation in the current operational typhoon prediction is the
inefficient quality control (QC) method used in the data assimilation since a large number of high
speed wind observations was rejected by the traditional Gaussian distribution QC. We introduce the
Huber norm distribution quality control (QC) into the data assimilation successfully. A numerical
simulation experiment of typhoon by Lionrock (2016) is conducted to test the proposed method.
The experimental results showed that the new quality control scheme not only greatly increases
the availability of wind data in the area of the typhoon center, but also improves the typhoon track
prediction, as well as the intensity prediction. The joint assimilation of scatterometer and SAR winds
does have a positive impact on the typhoon prediction.

Keywords: tropical cyclone; scatterometer wind; SAR wind; data assimilation; quality control;
Huber norm

1. Introduction

The demand for more accurate predictions of tropical typhoons is increasing in order to minimize
losses and destruction. One primary objective is to enhance the observation targeting and observability
of cyclones. Satellite observations can effectively compensate for the shortcomings of traditional
methods of sea surface measurement and provide all-weather observation over the sea surface,
which is of great significance to improve the numerical prediction of strong convective weather
in the marine area. The spaceborne scatterometer observes the backscattering caused by the sea surface
roughness, and then, the sea surface wind can be retrieved. ASCAT is one of the instruments carried
on-board the Meteorological Operational (Metop) polar satellites launched by the European Space
Agency (ESA) and operated by the European organization for the exploitation of Meteorological
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Satellites (EUMETSAT) [1]. Its operating frequency is C-band (5.255 GHz), so the effects of clouds and
precipitation in the observation are small. ASCAT has two swaths, and each has a scanning width of
550 km. It can achieve a daily quasi-global coverage.

Scatterometer data were first used in a numerical weather forecasting operational system in
1996, when the European Center for Medium-Range Weather Forecasts (ECMWF) incorporated ERS-1
(European remote sensing satellite) scatterometer data into its global three-dimensional variational
system [2]. Previous works have shown that scatterometer data have significant impacts on weather
forecasting and climate monitoring [3–10]. Especially, it has been demonstrated useful in the prediction
of tropical cyclones [5] and extratropical cyclones [4]. ASCAT surface wind data have been used in
many forecasting operational organizations such as the ECMWF, the United Kingdom’s National
Weather Service (Met Office), the National Weather Service of France (Meteo-France) and Environment
Canada. In July 2009, the Japan Meteorological Agency (JMA) began to use ASCAT data for the
global spectrum model (GSM) and found that the ASCAT wind can capture the development of the
low pressure system and improve the prediction precision. Hersbach (2010) pointed out that the
neutral wind retrieved by ASCAT had a positive effect on the ECMWF forecasting system [11]. In 2011,
Li evaluated the role of the ASCAT wind in the global data assimilation system of the NCEP (National
Centers for Environmental Prediction), and the results showed that ocean surface wind of ASCAT has
a positive effect on the forecast of wind and temperature [1].

Spaceborne SAR systems are an important data source for sea surface monitoring. In 1978,
the United States of America launched the first synthetic aperture radar satellite SEASAT. Since then,
many countries have begun to carry out the study of the spaceborne SAR system vigorously. Most of
the systems used the single-band, single polarization imaging radar systems in the early stage, such as
ESA’s ERS-1/2, Canada’s Radarsat-1, and so on. At the beginning of the 20th Century, the spaceborne
SAR system was developed into multi-band, multi-polarization and multi-mode. The Envisat satellite
launched by ESA in 2002, with the multi-polarization interferometric imaging model, is widely used in
natural disaster monitoring and resource and environmental survey. The launch of the Japanese ALOS
(Advanced Land Observing Satellite) in 2006 aimed to provide full polarimetric SAR data. The launch
of the COSMO-SkyMed (Constellationof small Satellites for the Mediterranean basin Observation)
satellite in 2006 by Italy made the satellite resolution increase to 3m or even 1m. In 2007, Germany
launched the TerraSAR-X satellite with a revisit cycle of 11 days, which greatly improved the coherence
of interference data. Canada’s Radarsat-2 satellite has been able to provide full polarimetric image with
high-resolution since 2007. The Sentinel-1 was launched by ESA in April 2014 to provide data services
for more users with its wide range of multi-mode, multi-application features. The Sentinel-1 carries
a single C-band synthetic aperture radar instrument operating at a center frequency of 5.405 GHz.
Its extra-wide (EW) swath mode data can cover a wide area of 400 km at a medium resolution of 20 m
by 40 m on the ground. It also has the capability of dual polarization, a short revisit cycle and rapid
productization. Using pre-programmed, conflict-free operation mode, the Sentinel-1 can track and
monitor a typhoon center dynamically.

A variety of meteorological hydrological elements can be retrieved by SAR observation, and it
has been widely used in data assimilation in recent years. The first attempt to sequentially assimilate
ESA’s ERS SAR estimations of surface soil moisture was conducted in 2003 [12]. Matgen, P.
(2010) presented a new concept for the sequential assimilation of SAR-derived water stages into
coupled hydrologic-hydraulic models [13]. Scott, K. A. (2015) investigated the assimilation of binary
observations calculated from SAR images of sea ice [14]. Phan, X. V. (2014) introduced a variational data
assimilation scheme coupling TerraSAR-X radiometric data with the snowpack evolution model Crocus,
and the results indicated that X-band SAR data can be taken into account to modify the evolution of
snowpack simulated by Crocus [15]. Pichelli, E. (2015) developed a technique to retrieve integrated
water vapor from interferometric synthetic aperture radar (InSAR) data, and the computation of
statistical indices shows that the InSAR assimilation improves the forecast of weak to moderate
precipitation [16]. Advanced Synthetic Aperture Radar (ASAR) wide swath data were used to measure
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soil moisture by [17], and they have sufficient resolution to allow soil moisture variations due to local
topography to be detected, which helps to take into account the spatial heterogeneity of hydrological
processes. Another important use of SAR is the monitoring of typhoons and the study of typhoon
structure [18–24]. Many studies have also been carried out about the retrieval of ocean winds from
SAR image [25–28], the and estimation of the retrieved wind shows that the SAR wind has an ideal
accuracy [29–32]. However, the use of SAR-retrieved wind in numerical weather forecasts is a relatively
new area, especially for typhoon prediction.

Quality control of observation is an indispensable process for data assimilation [33]. It ensures that
the wrong observations are removed before assimilation, which would otherwise result in inaccurate
analysis [34]. In general, the deviation of background (b) and observation (o) is used as a basis for
evaluating the quality of the data. It is generally believed that the observation error distribution
satisfies the Gaussian distribution, assuming that the background error is a Gaussian distribution,
and then, the distribution of deviation should also be satisfied with the Gaussian distribution. However,
according to the statistical results, the distribution of deviation for many observations does not
strictly follow the Gaussian distribution. The traditional Gaussian distribution QC method carries
out strict threshold control by the magnitude of the deviation. However, large deviation between
the observation and background does not mean that the observation is wrong. In extreme weather
conditions, observation and background tend to have a larger deviation, and the use of traditional
Gaussian distribution QC will result in rejection of a large number of effective observations. In fact,
the deviation often complies with a Huber norm distribution [35,36]. In 2009, the Huber norm-based
QC method was applied to both the deterministic and ensemble forecasting system at ECMWF, but only
for conventional observations. Unlike traditional QC methods, this method takes appropriate weights
based on the magnitude of deviation from the observation and background, making it possible to
utilize more observations. Based on the Huber norm QC scheme, this paper calculates the transition
point of the Huber norm distribution and adjusts the weight of the observation error for the wind data.

In this paper, a data assimilation scheme is proposed to jointly use SAR and scatterometer retrieved
winds in the Weather Research and Forecasting (WRF) model. The improved Huber norm QC method
is also introduced. Following this Introduction, a brief description of the ASCAT scatterometer wind
and the Sentinel-1 SAR wind is given in Section 2. Section 3 introduces the detailed scheme of the
Huber norm QC. In Section 4, we use a numerical simulation experiment of the typhoon Lionrock case
to test the proposed method. Finally, the conclusion is given in Section 5.

2. Retrieved Wind of Scatterometer and SAR

2.1. ASCAT Wind

Two sets of three antennas are used in the ASCAT to generate radar beams looking 45 degrees
forward, sideways and 45 degrees backwards with respect to the satellite’s flight direction, on both
sides of the satellite ground track. For each wind vector cell (WVC), ASCAT obtains three independent
backscatter measurements using the three different viewing directions, separated by a short time
delay. Then, the surface wind speed and direction can be obtained by using these ‘triplets’ within
a geophysical model functions (GMF). The wind product we used in the paper is obtained through the
processing of scatterometer data originating from the ASCAT instrument of EUMETSAT’s Metop-B
satellite with a resolution of 12.5 km. Figure 1 shows the ASCAT wind field of the center of the typhoon
“Lionrock” at 9 a.m. on 29 August 2016. However, the wind field does not cover a complete typhoon
eye due to the limitation of the ASCAT swath.



Remote Sens. 2017, 9, 987 4 of 18

Figure 1. ASCAT wind field of typhoon “LionRock” with a resolution of 12.5 km.

2.2. SAR Wind of Satellite Sentinel-1

There exists an undisclosed problem for the retrieval of wind through SAR observation, that is
one SAR observation corresponds to numerous wind speed and wind direction solutions through the
geophysical model function (GMF). To solve the problem of SAR wind inversion, new information,
which can be obtained from the SAR image itself or from the numerical forecast model or buoy
observation data, must be added. In this paper, the wind direction information used for the
wind inversion of Sentinel-1 SAR data comes from interpolation of the numerical forecast model
(NCEP/GFS), and then, the wind speed can be retrieved by using the C-2PO (C-band Cross-Polarization
Ocean) GMF [37].

In this study, a Sentinel-1A EWswath mode dual-polarization (VV/VH) SAR image is used to
retrieve sea surface wind speed (see Figure 2). Its overpass time was 20:36:44 UTC on 29 August 2016.
The observation using VV polarization can get a good signal to noise ratio (SNR) in the low speed
wind conditions, and the accuracy of the retrieved wind is high. However, either the scatterometer nor
the SAR observation using VV polarization are sensitive to the physical feedback of the sea surface
under high speed wind conditions (wind speed greater than 25 m·s−1), and the detection signal
would reach a level of saturation. In other words, the effective range of the wind speed inversion for
scatterometer and SAR observation with VV polarization is limited to 25 m·s−1. The SAR observation
using VH polarization is sensitive to high speed wind conditions, and it can retrieve the wind speed
greater than 25 m·s−1, but the SNR is low under low speed wind conditions. As shown in Figure 2b,
VH polarization observation of the typhoon region can get more high speed wind information, but there
is a large amount of noise in the non-high speed wind region.

In order to combine the advantages of two kinds of polarization modes, we use a simple linear
weighted method to composite these two retrieved wind fields. The main idea is that more weight is
given to the VV polarization retrieved wind when the wind speed (we use the vVV as the reference
wind speed) is less than 25 m·s−1, on the other hand, more weight for the VH polarization retrieved
wind when the wind speed is greater than 25 m·s−1. The specific expression is as follows:

vS =


(1− λ1) · vVV + λ1 · vVH if vVV ≤ 25 m·s−1

(1− λ2) · vVV + λ2 · vVH if vVV > 25 m·s−1, and 25 m·s−1 < vVH < 35 m·s−1

vVH if vVV > 25 m·s−1, and vVH ≥ 35 m·s−1
(1)
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where vVV ,vVH and vS represent VV polarization wind speed, VH polarization wind speed
and synthetic wind speed, respectively; λ1 and λ2 are the linear functions of the wind speed,
where λ1 ∈ [0, 0.5], λ2 ∈ [0.5, 1]. The setup of λ1 and λ2 makes sure that the VV polarization retrieved
wind gets more weight when vVV ≤ 25 m·s−1 and the VH polarization retrieved wind gets more
weight when vVV > 25 m·s−1. As shown in Figure 2c, the synthesized wind field not only preserves
the low speed wind information of VV polarization observation, but also introduces the high speed
wind information of VH polarization observation.

Compared to the ASCAT wind field, the SAR wind field has a higher resolution, so that a fine
typhoon structure can be demonstrated. It can also be seen from the figure that there are still some
discontinuities among different radar beams in the SAR wind field. However, we can see later that
these discontinuities can be removed by thinning the observations.

(a) (b) (c)

Figure 2. SAR wind field of satellite Sentinel-1 in the typhoon “Lionrock” region with a resolution of
500 m (the arrows here are thinned for clarity): (a) retrieved wind using VV polarization observation;
(b) retrieved wind using VH polarization observation; (c) synthetic wind combined with VV and VH
polarization retrieved wind.

2.3. Joint Wind Field

In order to obtain a complete typhoon wind field, we combine the ASCAT wind field with the
Sentinel-1 SAR synthetic wind field. First, we thin the two wind fields to 25 km by sampling to
accommodate the needs of the assimilation system. For the ASCAT wind field with a resolution
of 12.5 km, we just need to sample every two winds from both zonal and meridional directions.
Additionally, we sample every 50 winds for SAR synthetic wind field with a resolution of 500 m.
Then, the overlapped winds of the SAR synthesis wind field with the ASCAT wind field are removed.
Since the swath of the SAR synthetic wind field is smaller than that of the ASCAT and has no real
wind direction information, it is mainly used as a complement to the ASCAT wind field. The joint
wind field is illustrated in Figure 3, which forms a complete wind observation of typhoon “Lionrock”.
It can also be seen from the figure that the discontinuities among different radar beams in the SAR
wind field are greatly eliminated by the thinning process.
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Figure 3. Joint wind field of typhoon “Lionrock” with a resolution of 25 km.

3. Huber Norm Distribution QC

3.1. Gaussian Distribution QC Scheme

The traditional Gaussian distribution QC assumes that the deviation between observation and
background satisfies the Gaussian distribution. Since observation with a big deviation will cause the
instability of the assimilation process, the observation that goes into the assimilation process should be
strictly controlled. In the Gaussian distribution QC, observation that satisfies (o− b)2 < α2(σ2

o + σ2
b )

can be received by the assimilation system, where σo and σb represent the standard deviation of the error
of observation and background error, respectively (it should be noted that observation errors inside
the assimilation system are different from the errors of observation here). In the assimilation system
we used in this study, α is set to five, which means observation with deviation more than five-times
the observation error was rejected. However, in extreme weather conditions, although observation
and background tend to have a large deviation, it does not mean that the observation has a gross error,
since the background sometimes also has large errors. Most of the high speed wind observation using
the traditional Gaussian distribution QC were rejected before the assimilation, as shown in Figure 4,
which shows the joint typhoon wind field after the traditional Gaussian distribution QC. In this

paper, the magnitude of the observation error is defined as 2 m·s−1 (namely,
√
(σ2

o + σ2
b ) = 2 m·s−1).

It can be seen that QC using the Gaussian distribution can cause a large number of observations to
be unusable in typhoon center areas, while these observations often contain key information of the
typhoon structure.

The actual situation is that the deviation between observation and background does not strictly
follow the Gaussian distribution, as shown in Figure 5, which demonstrates the deviation distribution
of the u, v component of the joint wind field and its best Gaussian fitting curve. In the figure, the true
distribution of the u component deviation shows a very obvious asymmetry, and the Gaussian curve
does not fit the distribution well. In addition, it can be seen from the figure that there is a certain bias
between the joint wind field and the background, so it is necessary to undertake the bias correction
process before assimilation (the cause of the bias correction was not analyzed in this study).
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(a) (b)

Figure 4. Gaussian distribution QC of the joint wind field during assimilation, where x represents
the magnitude of the deviation (x = o − b), and the black dots indicate the rejected observations:
(a) u component; (b) v component.

(a) (b)

Figure 5. Best Gaussian fit to the observation deviation distribution: (a) u component; (b) v component.

3.2. Huber Norm Distribution QC Scheme

3.2.1. Definition of Huber Norm

Research shows that the Huber norm distribution is more consistent with the deviation
distribution of the actual observations (Tavolato and Isaksen, 2014). The Huber norm uses
a combination of the Gaussian distribution with an exponential distribution, where the Gaussian
fit is used for the middle part of the distribution, while the exponential fit is used on both sides, as
shown in the equation:

f (x) =
1

σo
√

2π
· e−

ρ(x)
2 (2)

where:

ρ(x) =


x2

σ2
o

if |x| ≤ c

2c|x| − c2

σ2
o

if |x| > c
(3)
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In the assimilation system, x = y − H(xb), where y represents the observation, xb is the
background field, H is the observation operator and σo represents the observation error. c is the
transition point where the Gaussian fitting curve connects with the exponentially fitting curve, that is
where the Gaussian fitting curve ends and the exponential fitting curve begins. This definition ensures
that the derivative of the function f and f itself are continuous. Since the distribution of the deviation
is not strictly symmetrical, the left transition point cL of the function can be different from the right
transition point cR, and different parameter values are selected according to the type of observation.

3.2.2. Calculation of the Optimal Transition Point

Before calculating the transition point of the Huber norm fitting curve for the joint wind field,
it is necessary to correct the bias of the observation (this is not discussed in detail here). The Huber
norm fitting curve is mainly determined by the parameters σo, cL, cR, where σo is known, and cL, cR
can be calculated separately. For the calculation of the transition point, it is usually done by searching
the value between interval [0.0, 5.0] with a given step size of 0.1 [38], where the optimal value of the
transition point is the one that has the minimum misfit error between the data distribution and the
given Huber norm fitting curve. For each (cL, cR) pair, the misfit between the Huber norm curve and
the data distribution is defined as:

M(cL, cR) =
n

∑
i=1

(
Ni

Nsum
− Si

S f
)2 (4)

where Ni is the population in range bin i and Nsum is the number of all data, Si is the integration in
range bin i and S f is the integration of function f (x) with the specific Huber distribution (since f (x) is
a density function, so its integration S f equals one).

For the u, v component of the joint wind field, we calculate the transition points of the Huber norm
distribution for them separately. The optimal Huber norm fitting curve is shown in Figure 6, where the
optimal left and right transition point values of the u component are (1.4, 1.2), and the optimal left
and right transition points of the v component are (0.6, 0.8). It can be seen from the figure that the
Huber norm curve can better fit the distribution of observation deviation compared to the Gaussian
fitting curve.

(a) (b)

Figure 6. Best Huber norm fit to the observation deviation distribution: (a) u component; (b) v component.

3.2.3. Definition of Observation Weight

The traditional Gaussian distribution QC scheme gives full weight to the observation satisfying
the condition (o− b)2 < α2(σ2

o + σ2
b ). For the Huber norm distribution QC scheme, the main purpose

is to give a more reasonable weight to the observation. Observation with a smaller deviation to the
background is given a larger weight, while observation with a bigger deviation is given a smaller
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weight. By this mean, it makes sure that observation with a big deviation can still affect the final
analysis, while ensuring the stability of the assimilation process.

The cost function of the QC for a single observation is [39]:

JQC
O = −1

2
ln( f (x)) = ρ(x) + const (5)

For the weight attached to a single observation, the value of the weight is given by the ratio of
JQC
o to its cost function under the Gaussian assumption, namely:

W =
JQC
o

JGaussian
o

(6)

When |x| < c (or −cL ≤ x ≤ cR),

W =
2 ln(σo

√
2π) + (

y− h(xb)

σo
)2

2 ln(σo
√

2π) + (
y− h(xb)

σo
)2

= 1 (7)

When |x| > c (or x < −cLorx > cR),

W =

2 ln(σo
√

2π)− c2

σ2
o
+

2c|y− h(xb)|
σ2

o

2 ln(σo
√

2π) + (
y− h(xb)

σo
)2

(8)

Since |x| > c,
(c− |x|)2 = c2 − 2c|y− h(xb)|+ (y− h(xb))

2 > 0 (9)

which is:
(y− h(xb))

2 > −c2 + 2c|y− h(xb)| (10)

we can conclude that W < 1, that is to say, it reduces the weight of observation when the deviation
drops out of the transition point.

Figure 7 shows the weight assigned to observation using the Gaussian distribution QC scheme
and the Huber norm distribution QC scheme. As shown in the figure, the observation whose deviation
drops between the two transition points is given equal weight, while the weight of others is reduced
by the ratio of JQC

o to its cost function under the Gaussian assumption.

(a) (b)
Figure 7. The corresponding weights after applying the variational QC. Red line: Gaussian distribution;
blue line: Huber norm distribution: (a) u component; (b) v component.
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4. Assimilation Experiments

4.1. Experimental Setup

In this study, we select typhoon Lionrock (2016) as a numerical example, which was generated in
the Northwest Pacific at 2000 UTC 19 August 2016, in the vicinity of (33.1° N, 141.4° E). The center’s
maximum wind speed was about 18 m·s−1, and its pressure was about 994 hPa. Lionrock weakened
to an extratropical cyclone on 31 August. The the Weather Research and Forecasting model data
assimilation system (WRFDA) developed by the National Center for Atmospheric Research (NCAR)
[40] is adopted in this study. The WRFDA system is a widely-used operational system that can produce
a multivariate incremental analysis in the WRF model space [41]. The grid size of the assimilation
region is 260× 250; the horizontal resolution is 15 km; and the vertical discretization is 30 layers.
The time of assimilation is based on the time window of the joint wind field of the typhoon region,
which was 0900 UTC 29 August 2016. The NCEP FNL (Final) Operational Global Analysis data are
used as the initial field and boundary conditions. This product is on one-degree by one-degree grids
prepared operationally every six hours. It is from the Global Data Assimilation System (GDAS), which
continuously collects observational data from the Global Telecommunications System (GTS) and other
sources, for many analyses. We take the 21-h forecast adjustment from 1200 UTC 28 August 2016 to
0900 UTC 29 August 2016 as the background field of the assimilation system. After the assimilation,
a 30-h forecast is made, which is a forecast to 1500 UTC 30 August 2016.

In this study, a set of assimilation and comparison experiments is carried out. The assimilation
experimental design is shown in Table 1, in terms of the QC scheme (traditional QC and Huber norm
QC) and observation types (SAR wind, ASCAT wind and joint wind). The control experiment is just
a forecast of the background field without assimilation. The purpose of Experiments 1, 2 and 4 is to
show if the assimilation of joint wind improves the analysis compared to the single wind type scheme,
while the aim of Experiments 3 and 4 is to show if the Huber norm method gives a better result than
the traditional QC scheme.

Table 1. Data assimilation experimental design.

Experiment Name QC Scheme Observation Type

1 Huber norm distribution QC SAR wind
2 Huber norm distribution QC ASCAT wind
3 Gaussian distribution QC SAR + ASCAT wind
4 Huber norm distribution QC SAR + ASCAT wind

4.2. Experimental Results and Discussion

We take the FNL data at the analysis time as the reference (close to the truth, but not the real truth)
and to see the analysis errors (analysis minus reference) of different experiments. Figure 8 gives the
analysis errors of the pressure field of different experiments at the 10-m height of the center area of
typhoon Lionrock at the analysis time. We still see some big analysis errors of different experiments
in the typhoon center; however, the joint wind assimilation using the Huber norm distribution QC
has the minimum analysis errors of pressure field compared to the others. An accurate initial field
(the analysis is used as the initial field for the forecast) is crucial to a good numerical forecast, as can be
seen in the following forecast results.

Figure 9a shows the observed typhoon path and forecasted typhoon paths of different experiments.
It is apparent that the location of the typhoon center based on different QC schemes is very close to the
control experiment (with no assimilation of the scatterometer wind) at the time of the assimilation,
and this may due the defect of the position algorithm of the typhoon center. However, the forecasted
typhoon paths of wind assimilation all show some improvement compared to that of the control
experiment. The time indicators in Figure 9a demonstrate that the joint wind assimilation using the
Huber norm distribution QC has the best forecasted path. In order to better compare the accuracy
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of the assimilation experiments with the typhoon moving path, Figure 9b gives the error of the
forecasted typhoon path. As Figure 9 shows, with an increase in forecast time, the typhoon path error
of most of the assimilation experiments becomes obviously smaller than that of the control experiment.
The experiment with SAR wind, however, shows some large errors after a forecast of 27 h, mainly
because that SAR wind alone contains no new direction information of wind, and the amount of data is
quite small after thinning to a resolution of 25 km. We get the benefit from the joint assimilation of SAR
wind and ASCAT wind comparing to the assimilation of a single type of wind, and it improves the
typhoon forecasted path using the Huber norm distribution QC compared to the Gaussian distribution
QC scheme.

(a) (b)

(c) (d)

Figure 8. Pressure error of the center area of typhoon Lionrock at the analysis time: (a) assimilation of
SAR wind using the Huber norm distribution QC; (b) assimilation of ASCAT wind using the Huber
norm distribution QC; (c) assimilation of joint wind using the Gaussian distribution QC; (d) assimilation
of joint wind using the Huber norm distribution QC.
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(a) (b)
Figure 9. Forecasted path and track errors of typhoon Lionrock: (a) forecasted path of different
experiments and the observed path. The time indicator is given every 12 h. (b) Track errors of different
experiments compared to the observed path.

The intensity forecasts of the typhoon based on the different schemes are compared in Figure 10,
and Table 2 gives the quantitative analysis of the data assimilation experiments. As shown in the
figure, the assimilation of wind data improves the intensity forecast of the typhoon. The joint wind
assimilation using the Huber norm, however, in some way weakens the minimum pressure and
strengthens the maximum wind speed of the typhoon eye at the time of the assimilation. Although there
is a bigger misfit between the intensity forecast and the observed truth than other experiments at
the analysis time, it has a better analysis field than the others (see Figure 8). As can be seen from
Table 2, the joint assimilation of SAR and ASCAT wind using the Huber norm distribution QC has the
minimum average errors on track forecast (85.24 km) and intensity forecast (−5.61 m·s−1 for speed
and −1.84 hPa for pressure, respectively). Therefore, the joint wind assimilation using the Huber norm
distribution QC has also improved the intensity forecast of the typhoon.

Figures 11 and 12 show the (O− A) (observation minus analysis, namely residual) diagram and
O/A (observation / analysis ) comparison of the bias, root-mean-square value and standard derivation
of the u and v components of the four experiments. Assimilation experiment with the SAR wind field
using Huber norm distribution QC shows a big deviation from the analysis (Figure 11a,e), thus having
a big rms (rmsu = 5.46, rmsv = 4.50) for the analysis (Figure 12a,e). This is mainly because most of the
wind observations of SAR were located in the center area of the typhoon (as can be seen in Figure
2), and about one third of the observations have a deviation more than five-times the observation
error to the background (nx>5σ = 93, nx≤5σ = 188). Observations with a bigger deviation from the
background have a smaller weight using the Huber norm distribution QC scheme. Smaller weight in
the observation means the analysis gets closer to the background or a bigger residual, as shown in
the Figure 11a,e. This also can be seen from Figure 11b,d,f,h, where the residual is much bigger in the
center area of the typhoon. While the joint wind assimilation using the Gaussian distribution QC has
the minimum rms (rmsu = 1.19, rmsv = 1.06) compared to the others (Figure 12c,g), since observations
with a big deviation from the background have been decreased in the QC step (Figure 11c,g), and the
remaining observations have an equal weight.
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Table 2. Quantitative analysis of data assimilation experiments.

Observation Type/QC Scheme nx≤ 5σ * nx> 5σ rmsu ** rmsv etrack *** espeed epressure

SAR/Huber norm 188 93 5.46 4.50 214.44 −6.43 7.05
ASCAT/Huber norm 4844 75 1.48 1.27 129.50 −6.52 7.14

SAR + ASCAT/Gaussian 4717 0 1.19 1.06 163.26 −6.84 6.48
SAR + ASCAT/Huber norm 4776 113 3.96 1.85 85.24 −5.61 −1.84

* n is the number of observations used in the assimilation, x = o− b, σ =
√

σ2
o + σ2

b ;

** rms is the root mean square of o− a; the unit is m·s−1;
*** e is the average forecast error; the units are km, m·s−1 and hPa, respectively.

(a) (b)

Figure 10. Intensity forecast errors of the typhoon eye: (a) minimum pressure forecast errors.
(b) maximum wind speed forecast errors.

It can be seen from Table 2 that the rms mainly depends on the ratio of the observations with
a big deviation to the background (x > 5σ) in the wind field. The higher the ratio, the bigger the rms.
However, it also can be seen from the table that the effect on the assimilation is not determined by the
rms, but the distribution of the observation. The experiment with ASCAT wind and the experiment
with joint wind using the Huber norm QC have almost the same ratio as the observations with a big
deviation, but the latter has a more complete observation of the typhoon center assimilated in the
assimilation step (see Figure 11b,d,f,h), thus a more positive impact on the typhoon prediction. This is
also the truth for the comparison of two different QC schemes (see Figure 11c,d,g,h).

It can be seen from Equation (5) that with the Huber norm distribution applied, the JQC
o is an

L2 norm in the center of the distribution and an L1 norm in the tails (Tavolato and Isaksen, 2014).
This makes the Huber norm QC a robust method that allows the use of observations with a large
deviation from the background. It also makes it safe to use observations with a few erroneous outliers,
since observation with a very large deviation only has a small weight and affects the analysis very
little. Figure 13 shows that the QC scheme with the Huber norm has a fast convergence to the minima
in the minimization process, as well as the Gaussian distribution QC scheme, which proves that the
Huber norm QC is a robust method.
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(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 11. Observation residual after assimilation, where x represents the magnitude of the residual (x = o− a): (a) residual of the u component of SAR wind using
the Huber norm distribution QC; (b) residual of the u component of ASCAT wind using the Huber norm distribution QC; (c) residual of the u component of joint wind
using the Gaussian distribution QC; (d) residual of the u component of joint wind using the Huber norm distribution QC; (e) residual of the v component of SAR wind
using the Huber norm distribution QC; (f) residual of the v component of ASCAT wind using the Huber norm distribution QC; (g) residual of the v component of joint
wind using the Gaussian distribution QC; (h) residual of the v component of joint wind using the Huber norm distribution QC.
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(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 12. O/A (observation / analysis) comparison of the bias, root-mean-square value and standard derivation of the u and v wind components: (a) u component of
SAR wind using the Huber norm distribution QC; (b) u component of ASCAT wind using the Huber norm distribution QC; (c) u component of joint wind using the
Gaussian distribution QC; (d) u component of joint wind using the Huber norm distribution QC; (e) v component of SAR wind using the Huber norm distribution QC;
(f) v component of ASCAT wind using the Huber norm distribution QC; (g) v component of joint wind using the Gaussian distribution QC; (h) v component of joint
wind using the Huber norm distribution QC.
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(a) (b)
Figure 13. Minimization process of the cost function and the gradient for assimilation of the joint wind
field: (a) Gaussian distribution QC scheme; (b) Huber norm distribution QC scheme.

However, although the joint wind field provides a detailed wind field of the typhoon,
the information of the wind in the center area of the typhoon is not fully used with the Huber
norm QC, since observation only have a small weight. This is mainly due to the bad background,
which usually cannot provide the high speed wind structure of the typhoon.

We can see from the results that when a detailed wind field is available for the typhoon, a more
accurate analyze was obtained when the Huber norm QC was applied, thus a more accurate prediction
for the typhoon.

5. Conclusions

Based on NCAR’s WRFDA system, we conducted a joint assimilation experiment of the ASCAT
wind and SAR wind for the typhoon “Lionrock (2016)” and introduced the Huber norm QC scheme.
Combining the SAR wind field with the ASCAT wind field, we take advantage of both observations,
which not only make up the small swath limit of the SAR wind, but also fill the vacancy of the ASCAT
wind field in the typhoon area. The results of assimilation experiments show that the joint assimilation
improved the typhoon track forecast results. In addition, the Huber norm distribution QC scheme
is adopted to increase the usage of the observation in the typhoon center area and to assign more
reasonable weight to the observation, thus improving the analysis.

Although VH polarization observation of SAR can retrieve high speed wind, the impact on
typhoon forecast is limited due to the quality of the background and parameterization scheme of the
typhoon model. On the one hand, the background wind field of the typhoon is generally smoother
than the real typhoon field, resulting in big deviation for the high speed wind observation, which led
to the small weight of observation in the process of assimilation. On the other hand, since the
parameterization of the typhoon model is not optimal, the mechanism of high speed wind for the
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development of the typhoon is not clear. Therefore, the improvement of the parameterization of the
typhoon model is the next step we should consider.
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