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A B S T R A C T
Conditional non-linear optimal perturbation (CNOP), which is a natural extension of the linear singular vector into the
non-linear regime, has been suggested to identify data-sensitive regions in the adaptive observation strategy. CNOP
is the global maximum of a cost function, whereas, local CNOP is the local maximum of the cost function if the
local maximum exists. The potential application of CNOPs to tropical cyclone adaptive observation is researched. The
CNOPs and the first singular vector (FSV) are numerically obtained by a spectral projected gradient algorithm with the
Weather Research Forecasting (WRF) model. This paper examines two tropical cyclone cases, a fast straight moving
typhoon Matsa (2005) and a slow moving recurving typhoon Shanshan (2006). The CNOPs and FSVs are obtained
using the norms of background error at initial time and total dry energy at final time with a 36-h optimization time
interval. The spatial structures of CNOPs, their energies, non-linear evolutions and impacts on track simulations are
compared with those of the FSVs. The results show that both the CNOPs and the FSVs are localized, and evolve into the
verification area at the final time with the upscale growth of perturbations. However, the CNOPs are different from the
FSVs in spatial patterns, wind maximum distribution, growth rate of energy and impact on track simulation. Compared
to FSV, CNOP and local CNOP have greater impact on the forecast in the verification region at the final time in terms
of total energy, and have larger, at least similar impact on track simulation too. This indicates the CNOP method with
constraint of the norm of background error at initial time and total energy norm at final time is a reasonable candidate
in tropical cyclone adaptive observation. Therefore, both CNOP and local CNOP are suggested to be considered in
tropical cyclone adaptive observation.

1. Introduction

Targeted observing is regarded as an effective way to improve
the numerical weather forecasts skill of severe weather events
that can have large societal or economic impact. Most studies
showed that adaptive observations could produce average fore-
cast error reductions of about 10% over the verification area
(Langland, 2005). In certain cases, short-range forecast error re-
ductions up to 50% were obtained (Langland and Rohaly, 1996;
Langland, 2005; Montani et al., 2006). For the tropical cyclones
during the synoptic surveillance missions, the assimilation of
only a subset of data from fully sampled target regions pro-
duced a statistically significant reduction of the track forecast

∗Corresponding author
e-mail: hlwang@ucar.edu
†The National Center for Atmospheric Research is sponsored by the
National Science Foundation.
DOI: 10.1111/j.1600-0870.2011.00536.x

errors up to 25% for the 2-d forecast (Aberson, 2003). For Hurri-
cane Humberto (2001), forecasts from two dynamical hurricane
track forecast models were improved substantially during the
watch and warning period before a projected landfall by the as-
similation of the additional dropwindsonde data (Aberson and
Etherton, 2006). It was shown that during tropical cyclone ac-
tivity, and particularly the transition from tropical cyclone to
extratropical characteristics, removing observations in sensitive
regions, indicated by singular vectors (SVs) optimized on the
2-d forecast over Europe, degraded the accuracy of the forecast
more than excluding observations in randomly selected regions
(Cardinali et al., 2007). In the typhoon surveillance program
Dropwindsonde Observations for Typhoon Surveillance near the
Taiwan Region (DOTSTAR), by assimilation of dropwindsonde
observations, the mean track error reductions were about 15%
in the first 72 forecast hours (Wu et al., 2007a).

However, for certain cases, targeted observations had only
neutral or even negative impact on the forecasts (Langland,
2005). Among the factors leading to the negative forecasts, two
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possible reasons are: (1) the mismatch of the sensitive area with
the ‘true’ sensitive area and (2) the consistency of the data as-
similation system with the forecast model (Langland, 2005).

The first issue listed earlier is directly related to the method
used in adaptive observation strategy identifying the sensitive
areas where additional observations are expected to improve the
analysis and reduce forecast error. Currently, two main strategies
have been proposed and applied to identify the sensitive areas.
One strategy is based on the adjoint technique, such as the aver-
age key analysis error method (Gustafsson and Huang, 1996), SV
method (Palmer et al., 1998), adjoint sensitivity method (Lang-
land and Rohaly, 1996; Rabier et al., 1996) and the method based
on adjoint-derived sensitivity steering vectors (ADSSV; Wu
et al., 2007b). The other strategy is ensemble based. For exam-
ple, the ensemble transform method (Bishop and Toth, 1999),
the ensemble Kalman filter (Hamill and Snyder, 2002) and the
ensemble transform Kalman filter (ETKF; Bishop et al., 2001).
It should be noted that the above two strategies are based on
linear theory. Other methodologies, such as the quasi-inverse
linear method (Pu and Kalnay, 1999), the breeding-like method
(Lorenz and Emanuel, 1998) and the technique based on deep-
layer mean (DLM) wind variance (Aberson, 2003) have also
been suggested.

The comparison of targeted observation guidance for tropical
cyclones in the Atlantic and the northwestern Pacific Ocean was
conducted in previous studies. Majumdar et al. (2006) made a
comparison of adaptive observation guidance for Atlantic trop-
ical cyclones, based on total energy SVs and ETKF or DLM
wind variance. For major hurricanes, all techniques usually in-
dicated targets close to the storm centre. However, they found
that for weaker tropical cyclones, the SV guidance selected simi-
lar targets to those from the ETKF (DLM wind variance) in only
30% (20%) of the cases. ETKF guidance, using the ECMWF
ensemble, was more like that provided by the National Cen-
ters for Environmental Prediction (NCEP) ensemble (and DLM
wind variance) for major hurricanes than for weaker tropical
cyclones. Wu et al. (2009a) compared six different guidance
products for the targeted observations over the northwest Pa-
cific Ocean for some cases in 2006. It was shown that the SVs
with total energy norm from ECMWF, Navy Operational Global
Atmospheric Prediction System (NOGAPS) and Japan Meteo-
rological Agency (JMA) are relatively similar to one another in
both the large and the small domains whereas the comparisons
of the DLM wind variance with other methods showed rather
little similarities.

In addition to the methods mentioned earlier, a new non-
linear method named conditional non-linear optimal perturba-
tion (CNOP) has been suggested to determine data-sensitive ar-
eas in adaptive observations for mesoscale and tropical cyclone
forecasts (Mu et al., 2007, 2009). CNOP was obtained by us-
ing the fifth-generation Pennsylvania State University, National
Center for Atmospheric Research Mesoscale Model (MM5;
Grell et al., 1995), its tangent linear and adjoint models in the

MM5–4DVAR system (Zou et al., 1997). Results from three
tropical cyclone cases (Mu et al., 2009, hereafter MZW2009)
indicated that the structures of CNOP differed much from those
of first singular vector (FSV) depending on the constraint, the
metric and the basic state. The CNOP-type errors had larger
impact on the forecasts in the verification area as well as on
tropical cyclones than the FSV-type errors. This suggested that
the forecast skill was expected to improve from the reduction of
CNOP-type error in initial conditions more than FSV-type for
mesoscale rainfall and tropical cyclone prediction.

Considering the Advanced Research WRF (ARW) model
(Skamarock et al., 2008) and its three- and four-dimensional
variational data assimilation system (WRF-3/4DVAR; Barker
et al., 2005; Huang et al., 2009) have been used extensively
for the atmospheric research and forecasting, we construct the
CNOP–FSV optimization system based on components in the
WRF-4DVAR system in this paper. This research advances the
previous work (MZW2009) to the application of CNOP method
into tropical cyclone targeting in the following aspects: (1) The
WRF model is used as the dynamical constraint forward model;
(2) The background error statistics norm is employed at ini-
tial time; (3) The role of local CNOP is further illustrated; (4)
The impact of various perturbations on tropical cyclone track is
presented and (5) Spectral evolution of various perturbations is
shown.

The WRF is the next generation mesoscale model designed
to serve both operational forecasting and atmospheric research
applications. The ARW model (Skamarock et al., 2008) and its
WRF-3/4DVAR data assimilation system have been used exten-
sively in the research community and operational centres. The
tangent linear and adjoint models of WRF have been developed
and tested in adjoint sensitivity and WRF-4DVAR data assim-
ilation studies (Xiao et al., 2008; Huang et al., 2009; Zhang
et al., 2010; Wang et al., 2011). Compared with the
MM5–4DVAR system, the WRF-4DVAR system has advanced
dynamics, and a more realistic background error covariance ma-
trix. These allow for more realistic constraints at the initial time
to obtain the CNOPs for real-time operational targeting and at-
mospheric predictability studies.

The background error covariance metric is a reasonable choice
for the adaptive observation. The benefit of employing a back-
ground error covariance is that the statistical uncertainty in the
background field is also considered. As a result, in addition to in-
cluding the model dynamics, the CNOP represents the structure
that is likely to happen statistically as well. Additional benefit
is that the WRF model and the same background error statistics
are used both in the targeting method and the WRF-4DVAR sys-
tem. This can avoid the mismatch among the targeting method,
the data assimilation system and the forecast model, which is
one reason that causes targeted observation sometimes to have
only neutral or even negative impact on the forecasts. The use of
WRF-4DVAR with additional observations in a CNOP region is
expected to reduce the initial condition error efficiently.
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The role of local CNOP in tropical cyclone targeting was
not thoroughly studied in the previous work of MZW2009. The
CNOP is the global maximum of a cost function, whereas, local
CNOP is the local maximum of the cost function if the local
maximum exists (Mu and Zhang, 2006). In adaptive observation
study for mesoscale weather system, it was found that the total
energy of local CNOP at final time is larger than FSV (Mu
et al., 2007), suggesting its important role in targeting. As for
its role in tropical cyclone targeting, the local CNOP was found
in one tropical cyclone case, and its structure and total energy
evolution were studied in MZW2009. In this research, the local
CNOP is found in two cases, the structures of local CNOP, its
evolution and its impact on tropical cyclone track simulation are
also examined as well.

The total energy norm is not an index that related directly to
the typhoon movement. Hence, when focusing on tropical cy-
clone predictions, one may raise the question: ‘Is the total energy
norm a reasonable candidate of CNOP to improve the tropical
cyclone track forecast?’ In the previous work of MZW2009,
the impact of various perturbations on track simulation was not
studied; it is examined in this research. The CNOP (local CNOP)
and FSV are obtained numerically by solving a constraint large-
scale optimization problem using the spectral projected gradient
2 algorithm (SPG2; Birgin et al., 2001). The spatial structures
of the CNOP (local CNOP), their energy and their non-linear
evolutions are compared with those of the FSV. The impact of
perturbations on tropical cyclone track simulation is studied.

The structure of this paper is arranged as follows: Section 2 in-
troduces CNOP and FSV method; Section 3 briefly describes the
model and the experiment design. A comparison of the CNOPs
and FSVs at initial time is presented in Section 4. The dif-
ferences between the evolution of (local) CNOPs and FSVs,
including their impact on tropical cyclone track simulation are
described in Section 5. The final section provides a summary
and discussion.

2. The Methods: CNOP and FSV

The readers are referred to MZW2009 for detailed definitions
of CNOP and FSV. Here, we focus on the introduction of back-
ground norm in CNOP formulation and the concept of local
CNOP. The necessary descriptions are as follows.

2.1. CNOP

Suppose we have the following non-linear differential equations:

⎧⎪⎨
⎪⎩

∂x
∂t

+ F (x) = 0

x|t=0 = x0

, (1)

where x is the state vector of the model with initial value x0. F

is a non-linear partial differential operator. The solution of (1)

describes how variables x evolve in time and can be expressed
in discrete form.

x(t) = M(x0), (2)

where M is a non-linear propagator, x0 is the initial value vector
and x(t) is the value of x at time t.

The problem we want to solve is to find an optimal perturba-
tion δx∗

0 that satisfies

J (δx∗
0) = max

δxT
0 C1δx0≤β

J (δx0), (3)

where

J (δx0) = (M(x0 + δx0) − M(x0))TC2(M(x0 + δx0) − M(x0)).

From eq. (3), it is easy to see that δx∗
0 has the maximum cost

function at time t . M(x0 + δx0) − M(x0)is called the non-linear
evolution of perturbation δx0. During the optimization period,
the different norms, C1 and C2 can be used at the initial and final
time, respectively.

If the inverse of the background error matrix B is adopted at
initial time, then

δxT
0 C1δx0 = δxT

0 B−1δx0. (4)

The background error covariance matrix is of rather huge di-
mension, its typical size being of 106 × 106 elements. This is
not easy to handle either from the viewpoint of memory storage
requirements or from that of available statistical information. In
WRF-4DVAR system, the transformation from control space to
analysis space is used to handle the background error covariance
matrix.

Let

B = UUT, δx = Uv, (5)

δxT
0 B−1δx = vTv ≤ β, (6)

where v is control variable. The U transform is designed to non-
dimensionalize the variational problem, and also permit use of
filtering techniques that approximate the full background error
covariance matrix B.

Then, (3) may be rewritten

J (v∗) = max
vTv≤β

J (v) (7)

J (v) = (M(x0 + Uv) − M(x0))T C2(M(x0 + Uv) − M(x0)).

In this paper, where C2 is total dry energy in a continuous ex-
pression

δxT
t C2δx

= 1

D

∫
D

∫ 1

0

(
u′2 + v′2 + Cp

Tr

T ′2 + RaTr

(
P ′

s

Pr

)2
)

dηdD,(8)

where cp and Ra are the specific heat at constant pressure and
the gas constant of dry air, respectively (with numerical values
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of 1005.7 J kg−1 K−1 and 287.04 J·kg−1·K−1). Tr (with value of
270 K) and pr (with value of 1000 hPa) are the reference tem-
perature and pressure, u′, v′, T ′ and P ′

s are the perturbed zonal
and meridional horizontal wind components, temperature and
surface pressure, respectively. The integration extends over the
verification domain D and the vertical direction η. The vertical
coordinate in the WRF model is defined as η = (ph − pht )/u,
where u = phs − pht . ph is the hydrostatic component of the
pressure, and phs and pht refer to values along the surface and
top boundaries, respectively. η varies from a value of 1 at the
surface to 0 at the model top.

The non-linear maximum optimization problem is trans-
formed into a minimization problem by defining the cost
function

J (v∗) = − min
vTv≤β

J (v) (9)

J (v) = (PS2(M(x0 + SUv) − M(x0)))T

× C2(PS2(M(x0 + SUv) − M(x0))),

where M is the non-linear WRF model, S represents the operator
mapping the variables from analysis space to model space and
S2 represents the operator mapping the variables from model
space to the space the energy norm needs to be calculated. P is
the local projection operator for targeting purpose.

2.2. Local CNOP

Mathematically, CNOP is the global maximum of eq. (1). How-
ever, eq. (1) defines a large dimension constrained non-linear
optimization problem. It is not straightforward that an optimal
solution of such a problem is unique. In some cases, a possibility
exists that J has local maximum in a small neighbourhood of a
particular point in phase space. Such kind of initial perturbation
is called the local CNOP (Mu and Zhang, 2006). Local CNOPs
were found in simple and complicated regional models (Mu
and Duan, 2003; Duan et al., 2004; Mu and Zhang, 2006; Mu
et al., 2007). In some physical problems, the CNOP and the local
CNOP possessed clear physical meanings. For example, in the
El Niño/Southern Oscillation (ENSO) predictability study, the
CNOP (local CNOP) had the physical meaning leading to the El
Niño (La Niña) event (Duan et al., 2004). In an adaptive obser-
vation study, it was found that the total energy of local CNOP at
final time was larger than FSV (Mu et al., 2007, 2009), which
indicated it could play an important role in targeting.

2.3. FSV

Suppose that the linear assumption is valid when the initial
perturbation is sufficiently small and with a short-term time

interval. Then,

M(x0 + SUv) − M(x0) ≈ L(SUv). (10)

Then, the FSV solves the maximum of the following cost func-
tion:

J (v) = (PS2L(SUv))T C2(PS2L(SUv)), (11)

where L is the forward tangent propagator.
The difference between the CNOP and FSV depends on the

validation of tangent linear assumption. For example, when the
initial constraint is very small and the linear assumption is valid,
the CNOP and FSV may have almost the same structure; see
Figs 2a and b in MZW2009. However, our interest is in the
difference caused by two methods when the initial perturbation
has the amplitude of the current analysis or background error,
and has a longer optimization time interval as well.

In a previous study of application of CNOP to adaptive ob-
servation (Mu et al., 2007, 2009), an iterative optimization al-
gorithm SPG2 was used to solve the CNOPs and FSV. In this
paper, the CNOPs and FSV are numerically obtained by solv-
ing the minimum of eqs (9) and (11) using the SPG2 as well.
The SPG2 is a non-monotone projected gradient algorithm for
solving large-scale convex-constrained optimization problems
(Birgin et al., 2001). It combines the classical projected gradient
method with the spectral gradient choice of step length and a
non-monotone line-search strategy. The user needs to define an
objective function and provide the gradient values, and a con-
straint condition. In this research, the WRF adjoint model is
used to compute the gradient of the cost function, the tangent
linear model is employed to describe the linear evolution of a
perturbation to obtain the FSV. Please refer to Xiao et al. (2008)
and Huang et al. (2009) for details about the WRF tangent linear
and adjoint models.

3. Experiment design

3.1. The model

The ARW model is used as the forecast model. The WRF is the
next generation mesoscale model designed to serve both oper-
ational forecasting and atmospheric research applications. The
model uses a third-order Runge–Kutta time integration, third-
to fifth-order advection operators and split-explicit fast wave
integration conserving both mass and energy. Like the total en-
ergy SVs (Majumdar et al., 2006) used as adaptive guidance for
Atlantic tropical cyclone without moist physics, moist physics
issues are not addressed in this study, that is, only the dry WRF
model and its corresponding tangent linear and adjoint models
with simple horizontal and vertical diffusion and surface drag
are used. We will address the moist physics issues when more
physics processes in the WRF tangent linear and adjoint models
are developed.

Tellus 63A (2011), 5



CNOPS TO TROPICAL CYCLONE ADAPTIVE OBSERVATION 943

3.2. Description of cases

Two cases are studied here. The first is the fast straight mov-
ing tropical cyclone Matsa (2005), which made landfall on
5 August in China. In this case, we are interested in the landfall
prediction. The second case is a slow moving recurving tropical
cyclone, Shanshan (2006). It began to recurve northwest after
1200 UTC 13 September. We focus on the sensitivity area during
the recurving period.

Synoptic analyses indicate that Matsa developed from a trop-
ical depression over the northwest Pacific Ocean on 30 July
2005. The depression continued to organize as it moved steadily
westward, gradually intensified as it moved steadily northwest-
ward and late on 1 August it strengthened into a tropical storm.
Matsa approached the coast of China and made landfall late on
5 August in the southern region of Zhejiang Province, China. At
0000 UTC 6 August 2005, Matsa was southwest to the subtrop-
ical high and east to the middle level trough (Fig. 1a). The upper
level trough and the south Asian high are to the west of Matsa
(figure not shown).

The second case is a slow moving recurving tropical cyclone,
Shanshan (2006). It developed from a tropical depression over
the northwest Pacific Ocean and reached moderate typhoon in-

tensity on 11 September. It moved westward and turned north-
westward after 1200 UTC 13 September and finally made land-
fall in Japan. It is influenced by a separated subtropical high and
a mid-level trough as shown in Fig. 1b. Compared to observation
maximum wind speed at the time, NCEP analysis gives a weak
tropical cyclone Shanshan.

3.3. Experiment setup

One domain with 60 km resolution was configured for all of the
simulations. The domain had 151× 97 × 15 grid points using
the Mercator projection centred at 120◦E, 28◦N, which is shown
in Fig. 1. The model top is 50 hPa. The simulation period is
36 h for the two cases. For typhoon Matsa, the model is initiated
at 1200 UTC 4 August 2005 to cover its landfall and Shanshan
at 1200 UTC 13 September 2006 to cover its recurving period.

Two control runs are carried out to generate the basic state tra-
jectories of typhoons Matsa and Shanshan. The initial conditions
are interpolated from the NCEP 1◦ × 1◦ final operational global
analysis by the WRF pre-processing system (WPS). The NCEP
data for this study are from the Research Data Archive (RDA),
which is maintained by the Computational and Information Sys-
tems Laboratory (CISL) at the National Center for Atmospheric

Fig. 1. The 36-h observed tracks and
simulated tracks with overlay of background
wind of typhoons: (a) Matsa and (b)
Shanshan. For typhoons Matsa and
Shanshan, the model is initiated at 1200
UTC 4 August 2005, and 1200 UTC 13
September 2006, respectively. The observed
track (OBS) is shown by the curve with filled
black dot and the simulated track (BAS) is
presented by the curve with grey circle. The
black rectangle presents the verification area.
The wind vector at the model initialization
time from GFS analysis is shown by grey
vector.
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Research (NCAR) (http://dss.ucar.edu/datasets/ds083.2/). The
simulated typhoon tracks in the basic trajectories (hereafter
named as BAS) and the observed tracks (hereafter named as
OBS) are shown in Figs 1a and b. The model tracks agree well
with the observation for the two cases. Figure 1a shows that the
model produces a straight northwestward movement of Matsa
and makes landing well. It also simulates the recurvature of
Shanshan, but gives a slight northward track bias (Fig. 1b).

The CNOP and FSV are numerically obtained by the SPG2
algorithm with a 36-h optimization period. The initial condi-
tions interpolated from the NCEP analysis in the control runs
also provide the initial value of x0 in eqs (9) and (11) to ob-
tain CNOP and FSV. The verification region is chosen to cover
the whole forecasted tropical cyclone at 36 h. The verification
regions of Matsa and Shanshan are shown by the rectangle in
Figs 1a and b, respectively. The local projection operation P is
1(0) inside (outside) the verification region. The β is chosen to
make it the corresponding maximum wind component of about
6 m s–1 and the maximum temperature amplitude of 2 K at the
initial time, which is reasonable value of analysis increment in
the current WRF-4DVAR data assimilation system. The back-
ground error statistics matrix B is adopted from a WRF-3DVAR
system running in the Central Weather Bureau in Taiwan (Hsiao
et. al., 2010). The B is calculated by the National Meteorologi-
cal Center (NMC) method (Parrish and Derber, 1992). The B is
formulated in control variable space. The control variables here
are streamfunction, the unbalanced components of velocity po-
tential, temperature and surface pressure and ‘pseudo’ relative
humidity. The ‘unbalanced’ control variables are defined as the
difference between full and ‘balanced’ (or correlated) compo-
nents of the field with the streamfunction (Barker et al., 2004).
An additional description of the background error matrix B can
be found in Hsiao et al. (2010).

4. Comparison of CNOPs and FSVs

The patterns of CNOP and FSV at the initial time are compared
in this section. The results show a local CNOP in both tropical
cyclone cases. As will be shown in Section 5, the total energy
of the local CNOP at the end of the final time is larger than the
FSVs. It may play an important role in targeting, thus the local
CNOP is also illustrated. We find that the wind components of the
initial and evolved perturbations are larger than the temperature
perturbations and the initial humidity perturbation is nearly zero.
One reason is that the adiabatic model was employed. In the
remainder of this paper, only the wind component perturbations
are shown.

4.1. Horizontal structures

For the Matsa case, Figs 2–4 illustrate the horizontal structures
of CNOP, FSV and local CNOP at a low level (η = 0.805, ap-
proximately 825 hPa), middle level (η = 0.4115, approximately

Fig. 2. The Matsa case. Wind (stream) and its speed (shaded; m s−1)
of perturbations at η level 0.805 (about 825 hPa). (a) CNOP, (b) FSV
and (c) Local CNOP. Background wind (barb) is also shown; a full
barb is 10 m s−1. The blue boxes indicate the verification region. The
two circles indicate the initial and final position of the tropical cyclone.
The vertical section of perturbations will be shown along the black
dash lines AB and CD in (a).

470 hPa) and upper level (η = 0.119, approximately 200 hPa)
of the troposphere. The structure of the initial CNOP is different
from that of the FSV although both are localized and have clear
patterns. In the lower troposphere (Fig. 2), the maximum wind
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Fig. 3. As in Fig. 2, but at η level 0.4115 (approximately 470 hPa). (a)
CNOP, (b) FSV and (c) Local CNOP.

speed is near the region of large background wind speed on the
east of the tropical cyclone centre for all perturbations and both
the CNOP and the FSV have a quasi-dipole structure. It can see
that the speed of CNOP and local CNOP is larger than FSV.
In addition, the location of the maximum wind speed centre
is very different among various perturbations. For the CNOP,
the maximum wind speed is on the east and northeast of the

Fig. 4. As in Fig. 2, but at η level 0.119 (approximately 200 hPa).
(a) CNOP, (b) FSV and (c) Local CNOP.

typhoon centre, but for the FSV, it is located on the southeast
of the typhoon centre. For the local CNOP, the maximum wind
speed is located in the southeast quadrant.

In the mid-troposphere (Fig. 3), both the CNOP and the FSV
show two regions with large wind speeds. One is an area of maxi-
mum wind speed ahead of the trough over continental China and
the other is near the typhoon centre. The maximum perturbation
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wind speed is somewhat near the region of large background
wind speed on the east of the tropical cyclone centre. The max-
imum speed near the typhoon from the CNOP is smaller than
from the FSV. For the local CNOP, the maximum is located near
the typhoon centre. In the upper level (Fig. 4), the areas of large
sensitivity are associated with the trough ahead the south Asian
high for the CNOP and the FSV. There are still some signals
near the southwest of the subtropical high for the local CNOP.
It is found that the perturbations are located in the region of
large wind speed in the background (e.g. Fig. 3, wind larger than
10 m s−1 shown by two or more barbs).

The Matsa case was also investigated in MZW2009, it was
found that for the CNOP the maximum values of wind were
located at the northeast side of the cyclone centre. However,
in this research, it is found that for the CNOP, the maximum
wind speed is on the east and northeast of the typhoon centre,
for the local CNOP, the maximum wind speed is located in
the southeast quadrant. A reason for the difference is that the
optimization time is 36 h in this study, which is 12 h longer
than the one in MZW2009. With the 36-h optimization time,
the perturbation in the upstream of the northeast side of cyclone
centre can have an impact on the verification region.

For the Shanshan case, Figs 5 and 6 show the horizontal struc-
tures of the CNOP, FSV and the local CNOP at the lower level
(η = 0.805, approximately 825 hPa) and middle level (η =
0.4115, approximately 470 hPa) of the troposphere. The pertur-
bations in the upper level are not shown since they do not have
clear structures and have small wind speeds. The CNOP, local
CNOP and FSV are localized and have clear spatial structures
in the lower and middle troposphere. In the lower troposphere
(Fig. 5), the maximum wind speed of the CNOP and the lo-
cal CNOP is larger than the FSV. The maximum perturbation
is located to the south and northwest of the typhoon centre for
the CNOP, the east and northwest for the local CNOP and the
south and north for the FSV. Both the CNOP and the FSV have
a quasi-dipole structure. In the mid-troposphere (Fig. 6), the
CNOP, local CNOP and the FSV possess similar wind speed
amplitudes. The maximum perturbation is to the southwest of
the typhoon centre for the CNOP, north for the local CNOP and
southwest for the FSV. There are no significant signals found in
the upper troposphere.

For the Shanshan case, the sensitivity region is near the
typhoon centre at the time. This feature is consistent with
the results in Wu’s research (Wu et al., 2009b) by use of
ADSSV method. In his research, it was found that at 0000 UTC
14 September, which is 12 h later than this paper, the ADSSV
showed that the major sensitive regions were located around ty-
phoon Shanshan, with the maximum sensitivity to the southeast
of the centre and the local maxima to the northwest. There is no
sign of ADSSV features associated with the mid-latitude trough
around the time. However, at 0000 UTC 15 September and after
the time, two major ADSSV features were identified. One was
located at about 800 km to the southeast of Shanshan and the

Fig. 5. As in Fig. 2, but for the Shanshan case and at η level 0.805
(825 hPa). (a) CNOP, (b) FSV and (c) Local CNOP.

other occurred in the mid-latitude trough region at 500 hPa near
northern-central China.

Since the wind components of the initial and evolved perturba-
tions are larger than the temperature perturbations, we examined
the spatial distribution of perturbations using a kinetic energy
tendency equation to determine the causes. In a pressure coor-
dinate, a horizontal kinetic energy tendency equation neglecting

Tellus 63A (2011), 5



CNOPS TO TROPICAL CYCLONE ADAPTIVE OBSERVATION 947

Fig. 6. Same as Fig. 2, but for the Shanshan case. (a) CNOP, (b) FSV
and (c) Local CNOP at η level 0.4115 (470 hPa).

moisture and diffusion effects, may be written as

DK

Dt
= −V · ∇�, (12)

where ∇ = (∂x, ∂y) is the horizontal gradient, D/Dt = ∂t + V ·
∇ + ω∂p is the material derivative, K is the kinetic energy of the
horizontal wind, V is the horizontal wind vector, ω is the vertical
velocity and � is the geopotential height. It is seen from eq.
(12) that the energy tendency DK

Dt
depends on the geopotential

height gradient forcing term, −V · ∇�. Given a perturbation
wind vector δV, if δV is parallel to −∇�, it will obtain energy
from background or transport energy into background, and the
larger absolute value of −∇�, the larger charge of DK

Dt
. For the

local energy change of ∂tK , in addition to the geopotential height
gradient forcing, it also depends on V · ∇K , the background
wind speed and energy gradient. If a perturbation wind vector
δV is parallel to ∇K , the larger absolute value of ∇K , the larger
charge of ∂tK . If δV is parallel to V, it can result in increasing
or decreasing V · ∇K as well. So that we can see that the δV
distribution should be somewhat be controlled by the distribution
of −∇�, V and ∇K .

Figures 7a–f depict the distributions of || − ∇�||, ||V|| and
||∇K|| of the Matsa case and Shanshan case, respectively. Here,
||x|| is defined as the square root of the inner product of variable
x and itself. By comparing Fig. 3 to Figs 7a–c, and Fig. 5 to
Figs 7d–f, it is seen that the larger signal of the CNOP, FSV and
local CNOP are located in or near the region of larger geopoten-
tail gradient, wind speed and the large gradient of background
energy. This indicates that the distributions of perturbations are
somewhat controlled by the distribution of background goepo-
tential and wind.

Given a perturbation wind vector δV with perturbation energy
δK , the difference between CNOP and FSV is that the non-
linear term δV · ∇δK is not considered during the optimization.
However, the CNOP and local CNOP can result in larger non-
linear terms than those induced in the FSV (Fig. 8). So the non-
linear term is an important factor resulting in the distribution of
perturbations. The non-linear terms of CNOP and local CNOP
are significantly larger than those of FSV during the evolution
of perturbations (figures not shown). This also supports the view
that CNOP may be more important in tropical cyclone prediction
as noted in MZW2009.

To summarize, two regions of sensitivity with larger wind
speeds are found in the initial perturbations of the Matsa case.
One is near the typhoon centre and is associated with the subtrop-
ical high, whereas the other is over east China and is associated
with mid-latitude trough. This indicates both the subtropical high
and the mid-latitude trough will have a significant influence on
the tropical cyclone’s evolution. Certain tropical cyclone cases
with two sensitive regions have also been found by other re-
searchers (e.g. Wu et al., 2009a). For Shanshan, the sensitivity
region is near the typhoon centre. In both cases, the details in
the pattern and the distribution of the maximum wind speed are
different among the various perturbations. The CNOP and local
CNOP have stronger wind speeds than that of FSV at low to
mid-level of troposphere, whereas the FSV has larger signals in
the upper level, as will be shown in the vertical structures in the
Subsection 4.2. The distribution of perturbations can partially be
related to the distribution of maximum background geopotential
height gradient, wind speed and wind energy gradient. The non-
linear term δV · ∇δK is also an important factor resulting in the
distribution of perturbations.
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Fig. 7. The distribution of (a) and (d) ||−∇�||, (b) and (e) ||V|| and (c) and (f) ||∇K|| of the Matsa at η level 0.4115 (left-hand panels) and
Shanshan case at η level 0.805 (right-hand panels), respectively. ||x|| is defined as the square root of 〈x, x〉.

4.2. Vertical structures

The two regions of sensitivity found in the mid-troposphere in
the Matsa case are also shown well in the vertical west–east
cross-sections of perturbation wind (Fig. 9). Two cross-sections
along the lines AB and CD in Fig. 2a are plotted. The lines AB
and CD are chosen to cross the tropical cyclone centre at initial
time and final time, respectively. In the perturbations to the east
of the typhoon centre, the CNOP and the local CNOP have a
quasi-barotropic structure, but for the FSV, it has a moderately
eastward tilt. For the perturbations near the mid-level trough
(Figs 9b, d and f), the CNOP has a considerable westward tilt,
whereas the FSV and the local CNOP only have a slight tilt. It
is also seen that the larger wind perturbations of the CNOP and
the local CNOP near the typhoon centre are located in the mid
and low troposphere, but for the FSV, it is mainly located above
the mid-troposphere.

The west–east cross-sections of Shanshan are shown in
Fig. 10. The perturbation wind (shaded) and background v wind

(contour) of the CNOP, FSV and the local CNOP along lines the
AB in Fig. 5a are presented. It is seen that the maximum wind
speed is mainly located in the middle and lower levels of the tro-
posphere. The perturbations have a quasi-barotropic structure.
Eastward tilts are found in the CNOP and the FSV in the upper
troposphere. For the FSV and the local CNOP, the perturbations
are mainly to the east of the typhoon centre. The perturbations
are on both sides of the typhoon centre in the CNOP. For the two
cases, we also look at the cross-sections along other lines and
get the similar conclusion.

In summary, the perturbations in the two cases studied earlier
are generally near the typhoon. In the Matsa case, an additional
large perturbation that is close to the mid-level trough is also
found. Compared with FSV, CNOP and local CNOP have larger
wind speed at low to mid-level troposphere. The CNOP and local
CNOP are nearly quasi-barotropic around the typhoon, but the
FSV has an easterly tilt. All the perturbations have a westerly
tilt near the mid-level trough in the Matsa.
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Fig. 8. The distribution of the non-linear term δV · ∇δK . (a) and (b) CNOP, (c) and (d) FSV and (e) and (f) Local CNOP of the Matsa at η level
0.4115 (left-hand panels) and Shanshan case at η level 0.805 (right-hand panels), respectively.

5. The evolution of CNOPs and FSVs

5.1. Structures

The non-linear evolution of a perturbation δx0 is obtained by
computing the difference of two WRF runs with the initial con-
ditions x0 + δx0 and x0, respectively. The result of the Matsa case
is addressed first. Figs 11 and 12 compare the non-linear evolu-
tion of perturbations at the end of the optimization time at the
middle and upper levels. As seen in Figs 11 and 12, the CNOP,
FSV and the local CNOP evolve into the verification area at 36
h with structures possessing a quasi-dipole pattern. The wind
directions through the quasi-dipole among the developed per-
turbations are different. The wind direction is northward in the
developed CNOP, mainly eastward in the local CNOP and north-
east for FSV. In addition, the development of wind of CNOP and
local CNOP is larger than that of the FSV at the low to mid-
troposphere. However, the FSV has stronger development at the
upper level (figure not shown).

For the case of Shanshan, the non-linear evolution of pertur-
bations at the end of the optimization time at the low and middle
levels are shown in Figs 13 and 14. After 36 h of development,
the CNOP, the FSV and the local CNOP evolve into structures
possessing a quasi-dipole pattern. The wind directions in the
quasi-dipole are also different. The wind direction is westward
in the developed CNOP, mainly southeast in the local CNOP and
northward for the FSV. Similar to the Matsa case, the maximum
wind speed of the CNOP and the local CNOP are larger than the
FSV in the low to mid-troposphere.

It seems that the spatial scale becomes larger when the per-
turbation evolves. We perform a spectral analysis on the wind
perturbation fields using the method developed by Errico (1985).
Figures 15a and b depicts the spectra of the u component per-
turbations in the Matsa case at the start and the end of the
optimization period, respectively. At the start of the optimiza-
tion period, the CNOP shows a bit larger variance than the FSV
in the smaller scale range (where the wavelength is shorter than

Tellus 63A (2011), 5



950 HONGLI WANG ET AL.

Fig. 9. The Matsa case. The west–east cross-sections of perturbation wind (shaded) and background wind (contour) for (a) and (b) CNOP, (c) and
(d) FSV and (e) and (f) local CNOP along lines AB at 24.5◦N (left-hand panels) and CD at 29.4◦N (right-hand panels) in Fig. 2a.

1500 km), but nearly the same in the large-scale range. At the
start time, the u component of the CNOP, local CNOP and the
FSV are mainly concentrated in the smaller scale range roughly
from 800 to 1500 km. At the final time, the maximum variance
is located in the large-scale range. The spectra show the upscale
growth of various perturbations during the optimization period.
The spectra of the v perturbations show an upscale growth as
well; therefore, the figures are not shown. Similar upscale growth
of various perturbations during the optimization time period is
also found in the Shanshan case (figures not shown). At the start-
ing time, the u component of the CNOP is mainly concentrated
at the scale of about 1400 km, whereas the local CNOP and the
FSV are mainly concentrated in the smaller scale range at about
800 to 1500 km. At the final time, the maximum variance is
located in the scale range larger than 1500 km.

5.2. The evolution of total energy

The above results from the two cases illustrate that the perturba-
tions reach the verification area after 36 h of development. The
CNOP and local CNOP have the largest impact on the forecast
in the verification area. This is clearly shown in the total energy

at the final time. Figure 16 compares the total energy evolution
of the CNOPs and the FSVs in the verification region during
the optimization time period. It is obvious that Matsa’s CNOP
development is larger than the others, whereas the local CNOP
little smaller over the last 6 h, and the energy of the FSV devel-
ops the least of all. At the final time, the energy of the CNOP
is about two times that of the FSV. The CNOP has the largest
impact during the whole forecast, whereas the local CNOP has
the smallest impact over the first 24 h and develops rapidly over
the last 12 h. For Shanshan, the evolution of the perturbations
has a similar growth rate over the first 18 h. However, the CNOP
and the local CNOP develop faster over the last 18 h, reaching
their maximum at the final time. The energy of the CNOP is
about 1.5 times that of the FSV at the final time.

5.3. The impact on track simulation

In this section, we will examine the impact of perturbations on
tropical cyclone track simulation. As we mentioned in the In-
troduction, the norm plays an important role in the computation
of the CNOP and the FSV. It should be chosen according to
the problems studied. The total energy norm has been used in
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Fig. 10. The Shanshan case. The west–east cross-sections of
perturbation wind (shaded) and background wind (contour) for (a)
CNOP, (b) FSV and (c) Local CNOP along lines AB at 20.4◦N in
Fig. 5a.

previous research by Mu et al. (2007, 2009). Since the total en-
ergy norm is not directly related to the typhoon movement, we
wonder whether the perturbation with the largest energy devel-
opment at the final time will have the greatest impact on typhoon
track simulations in terms of track distance error. At least, its im-
pact is comparable to the FSV. If that is true, we expect that the
total energy norm at the final time would be helpful in targeting
to improve the track forecast skill.

The impact of the CNOPs and FSVs on tropical cyclone track
simulation is investigated, and the simulated typhoon tracks are
plotted in Fig. 17. It is clear that for the Matsa all the pertur-
bations have a greater impact on the simulated tracks in terms

Fig. 11. The Matsa case. The evolved perturbations of (a) CNOP, (b)
FSV and (c) Local CNOP at η level 0.805 (825 hPa).

of track distance from the BAS at the final time; however, the
CNOP has the largest impact among the perturbations at the
final time. The CNOP and local CNOP drive the Matsa to move
faster than the BAS, whereas the FSV slows the movement of the
Matsa. For the Shanshan, all the perturbations have a similar im-
pact on track simulation in terms of track distance from the BAS
at the final time. However, when looking at their impacts on the
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Fig. 12. The Matsa case. Non-linear evolutions of (a) CNOP, (b) FSV
and (c) Local CNOP at η level 0.4115 (470 hPa).

movement direction of tropical cyclone, the difference between
CNOP and FSV is significant. The CNOP drives the Shanshan
to move westward, whereas the FSV drives the Shanshan to
move northward. The local CNOP drives the Shanshan to move
northward faster than FSV. Note that the CNOPs cause large
prediction spread, which means it may be helpful in generating
members for ensemble forecast (Jiang and Mu, 2009).

Fig. 13. The Shanshan case. Non-linear evolutions of (a) CNOP,
(b) FSV and (c) Local CNOP at η level 0.805 (825 hPa).

Though the total energy norm at the final time is not di-
rectly related to typhoon movement, we find that CNOPs have a
larger, or at least a similar impact on the tropical cyclone track
simulation compared to the FSVs in terms of track distance
from the BAS. This is an indication that even when focusing on
track forecast, the CNOP with norm of background error at the
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Fig. 14. The Shanshan case. Non-linear evolutions of (a) CNOP,
(b) FSV and (c) Local CNOP at η level 0.4115 (470 hPa).

initial time and total energy norm at the final time is a reasonable
candidate for tropical cyclone targeting.

6. Summary and discussions

The potential application of the CNOP method to tropical cy-
clone adaptive observation was studied in the frame of the WRF-

Fig. 15. The Matsa case. The spectra of u component at (a) initial time
and (b) final time.

4DVAR system. The WRF-4DVAR system provides advanced
dynamics and a realistic background error estimation model.
The background error norm is a reasonable choice since the
CNOPs are expected to reveal the rapid growth of error in the
background. Hence, we expect that additional observations in
the region identified by the CNOPs will reduce the initial con-
dition error efficiently. Another benefit is that the same WRF
model and background error statistics can be used in the target-
ing method, data assimilation and forecasting cycling systems.
This will avoid mismatch among the targeting method, the data
assimilation system and the forecast model, which is one of
the causes of targeted observations having only neutral or even
negative impact on forecasts (Langland, 2005).

Both CNOPs and FSVs were numerically obtained by the
SPG2 algorithm with a 36-h optimization time interval. The
background error matrix was used as the constraint norm at
initial time and the total dry energy metric was employed at
final time. Two cases, a fast straight moving typhoon Matsa
(2005) and a slow moving recurving typhoon Shanshan (2006)
were studied. The spatial structures, their energies and their
non-linear evolution of the CNOPs during the optimization time
period were compared with those of the FSVs. The impact of
the CNOPs and the FSVs on simulated tropical cyclone tracks
was also discussed.
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Fig. 16. The total energy development of CNOP, FSV and local CNOP
during the optimization time period: (a) Mastsa and (b) Shanshan.

The results showed that the CNOP and FSV methods indicated
similar large-scale sensitivity region distributions in the two
cases. Two regions of sensitivity with larger wind speeds were
found in the initial perturbations of the Matsa case. One was
near the typhoon centre and was associated with the subtropical
high, whereas the other was over east China and was associated
with mid-latitude trough. It indicated both the subtropical high
and the mid-latitude trough could have a major influence on the
tropical cyclone evolution. Some tropical cyclones contained
two sensitive regions were also found by other researchers (e.g.
Wu et al., 2009a). For the Shanshan case, the sensitivity region
was near the typhoon centre at the time. Both the CNOPs and the
FSVs were localized and had quasi-dipole structures and evolved
into the verification area at the final time with the upscale growth
of perturbations in the two cases.

However, the detailed structure of CNOPs differed signifi-
cantly from the FSVs in the each case in terms of the spatial
pattern and the distribution of maximum wind speed. Compared
with the FSV, in addition to the difference in the horizontal dis-
tribution of wind, the CNOP and the local CNOP had larger
wind speed at low to mid-level troposphere, indicating the wind
under mid-level troposphere was more important than the upper
level wind. These differences could have an impact on the final
decision of specific locations where the additional observations
should be employed.

The growth rate of total energy and the impact on the track
simulation of the CNOPs differed greatly from the FSVs. For
the two cases, the total energy of the CNOP was about two times
of that of the FSV at the final time. The CNOP (local CNOP)
had the largest (larger) impact on forecast in the verification
area at the final time compared with the FSVs, suggesting both
the CNOP and local CNOP should be considered in tropical
cyclone targeting. Though the total energy norm at the final
time was not directly related to typhoon movement, we found
that the CNOPs had larger, at least similar impact on tropical
cyclone track simulation compared to the FSVs. This indicated
that, the CNOP method with the norm of background error at
the initial time and the total energy norm at the final time was a
reasonable candidate in tropical cyclone targeting even for track
prediction.

However, when focusing on tropical cyclone track prediction,
the norms that are more directly related to typhoon movement
are of interest. The DLM or 850–200 hPa average wind speed
can be chosen because tropical cyclones are generally steered
by the environmental DLM flow. By defining the steering flow
of the tropical cyclone as an average of the environmental flow
in the vicinity of the tropical cyclone centre, the tropical cyclone
track simulation are more sensitive to initial perturbations in a
barotropic model (Hoover and Morgan, 2010). As the fact that
SVs are sensitive to the norm (e.g. Ehrendorfer and Errico, 1995;
Ehrendorfer et al., 1999; Reynolds et al., 2007 and others), it is
also of interest to compare the difference of the CNOP from the
FSV with the energy norm or background error norm at initial
time, and to examine how sensitive the CNOP is to the norms.
The CNOP’s sensitivity to verification specification is of interest
as well (Zhou and Mu, 2011).

The reasons resulting in the spatial distribution of perturba-
tions are examined by a kinetic energy tendency equation. It was
found that the distribution of perturbations could partially be ex-
plained by the distribution of maximum background geopoten-
tial height gradient, wind speed and wind energy gradient. The
non-linear term δV · ∇δK is also an important factor resulting
in the distribution of perturbations. However, a detailed study
of the properties of the CNOP and the reasons leading to the
differences from the FSV are beyond the scope of this paper
and will be the topic of future work. It is also worthwhile to
investigate the properties of the CNOP in a moist model config-
uration when more physics processes in the WRF tangent linear
and adjoint models are developed. Currently, we are working
on the physics processes, such as microphysics, boundary layer
parametrizations in the tangent linear and adjoint models of
WRF. AKessler warm-rain scheme has been added into WRF
tangent- linear and adjoint models, and has been applied into
radar reflectivity assimilation (Wang et al., 2011). We also ex-
pect to perform more observation impact diagnostic studies to
evaluate the impact of the CNOP-targeted observations in com-
parison with other methods (Qin and Mu, 2011). The CNOP
method may also be applicable for studying the interactions
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Fig. 17. The simulated tracks in the basic
trajectories (BAS, same to BAS in Fig. 1)
and simulated tracks with CNOP, FSV and
local CNOP (CNOP_Loc) imposed on the
initial condition of BAS. (a) Matsa
and \ cdot (b) Shanshan.

between two hurricanes or between a hurricane and other
weather systems.
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