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A satellite image processing technique has been developed for the identification and tracking of upper

tropospheric features related to mid-latitude synoptic scale cyclogenesis. Persistent warm radiance

features are detected on water vapour (WV) images using an adaptive thresholding technique and

tracked using estimations of the motion of the features based on cross-correlation of successive im-

ages. These features are then screened using both image-based (time persistence and warming rate)

and model-based criteria (relative position to a jet streak). The aim is the characterization of dry in-

trusions of stratospheric air into the upper troposphere. On a selected sample of events, the resulting

trajectories prove to be very consistent with the subjective identification of cyclogenesis events on

imagery. In accordance with potential vorticity (PV) theory, the detected warm features are corre-

lated with positive anomalies of potential vorticity. Thisidentification technique can be applied to

model output thanks to the use of a radiative transfer model,which suggests future applications in

forecast verification. An automatic geometrical association algorithm links model and satellite cells

to provide guidelines for the specification of pseudo-observations of PV in the ARPEGE 4D-Var as-

similation scheme. Observations are build to correct the displacement and the amplitude error, the last

one being derived from the radiance temperature of the cells. Problems arising when comparing PV

and WV radiances along trajectories are described. 4D-varyassimilation of PV pseudo-observations

is finally illustrated on a case study of a cyclogenesis.

Detection and tracking of dynamical warm features on satell ite

water vapour images

Application of an adaptive thresholding algorithm

Infrared radiations measured by meteorological satellites into the water vapour (WV) bands (around

6.3µm) provide useful information to forecasters on the flow patterns associated with mid and upper

levels (Weldon and Holmes, 1991). In particular, upper level PV anomalies involved in cyclogenesis

(Hoskinset al., 1985) are often visible as localized warm features on WV imagery that can be visually

tracked for hours.



Tmin Minimum temperature of threshold -38oC

Tmax Maximum temperature of threshold -8oC

∆Td Minimum depth of temperature for a cell 2.2oC

Smin Minimum area for a cell 2000 km2

∆Ti Thresholding increment 0.3oC

Table 1: The parameters of the adaptive thresholding algorithm

The algorithm used here has been derived from the ISIS thunderstorm detection system that lo-

cates cold cloud tops on sequences of infrared satellite images (Morel and Sénési, 2002). Here it is

applied in reverse (i.e. warm features are detected insteadof cold ones) and with some modifica-

tions, the most important one being the use of an adaptive thresholding strategy inspired by Peak and

Tag (1994). The main parameters of this algorithm are the thresholding intervals [Tmin, Tmax], the

minimum depth of temperature and surface for cells∆Td andSmin (see Table 1). The algorithm is

described in Michel and Bouttier (2006) and Morel and Sénési (2002).
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Figure 1: Schematic view of the adaptive thresholding technique for radiance temperatures

Ti between Tmax and Tmin at resolution ∆Ti.

The parameters of the detection method have been set to maximize warm features detections that

are associated with the cyclones on a learning test sample (Table 1). The learning test sample is made

of twenty cyclonic events over the North Atlantic and Europe, including several historically violent

storms (from the Météo-France database) as well as other unexceptional events covering different

synoptic situations (from Santurette and Georgiev, 2005).



Screening of upper-level dynamical features

Image-based criteria

The precedent thresholding algorithm detects cells that are not always linked with upper-level dynam-

ics, so that additional selection procedure is needed. Somestandard image-based selection rules are

applied by forecasters: time-persistence, warming rates and upstream convective development (San-

turette and Georgiev, 2005). We use the learning test sampleto specify additional filtering criteria

that will select dynamically important cells (Michel and Bouttier, 2006).

Lifetime of trajectories. The requirement of a minimum lifetime of three hours yields an efficient

reduction of spurious detections, while still allowing most cyclogenetic events to be retained just a

few hours after they become visible on the images.

Temperature evolution in trajectories. During the lifetime of a cyclone, the corresponding fea-

tures usually start by warming up quickly, then the radiancetemperature stabilizes, then the features

cool down. TemperaturesTt are computed as maximum radiance temperatures over the surfaces of

the cells. Therefore, a filter based on this evolution has been implemented: we require that a given tra-

jectory is only selected if its temperature variation sinceits first detectionTt−T0 meets the empirical

criterion:

Tt − T0 > τ

(

1 − 1

π
arctan

(Tt − Tref

∆Tref

)

)

(1)

with τ = 1.5oC/3H, Tref = −34oC and∆Tref = 1oC (2)

The criterion is more stringent for colder features in orderto limit the number of false alarms and

based on the learning sample (Michel and Bouttier, 2006).

Model-based criteria

According to the conceptual model of mid-latitude PV dynamics and to forecaster experience, cyclo-

genesis is expected to occur in the vicinity of a strong upperlevel jet on the cyclonic side. We resort

to using NWP numerical model products, which are available in real time with global coverage. This

information is likely to contain forecast errors, so that wewill only consider large scale wind, which

tends to be more predictable than small scale features.

Distance to the jet. The computation of a distance to the jet requires the definition of a line of

maximum wind speed to characterize the jet core. This is doneusing an image processing technique,

called skeleton transformation, on the set of pixels where the wind speed is greater than a predefined

threshold (30 ms−1 at 300 hPa). The distancedjet between a warm feature and the nearest jet core is

found by searching for the closest pixel that belongs to a core (figure 2).

Location on the cyclonic side of the jet. The last selection criterion considered in this study is the

position with respect to the nearest jet core. The characteristics of the cells of the learning dataset are

extracted and plotted on the histogram presented in figure 3.

We filter trajectories with the following joint criterion based on the jet distancedjet and the angle



Figure 2: Sketch of the relative position of a cell with respect to the jet, extracted from results

on 16 December 2004, 12 UTC. C is the gravity center of the cell and P the closest point

on the jet core. The distance to the jet is djet ≡‖ CP ‖, the angle θ is between CP and the

wind at point P. The cell is contoured in white. Also shown the wind vector at point P and

the estimated motion of the cell at point C.

0 100 200 300 400 500 600 700
−4

−3

−2

−1

0

1

2

3

4
Angle with the jet

Distance to the jet (km)

0

2.2

4.4

6.7

8.9
Frequency (%)

Figure 3: Distribution of the cells from the test sample (Table 1) in the plane formed by

the distance (length of category: 80 km) and the angle with the jet (length of category:
2π
8

rad). The curve shows the decision boundary for the jet proximity criterion associated

with djet = 400 km.



with the jetθ:

djet > dc

(

1 +
1

π
arctan

(θ − θref

∆θref

)

)

(3)

with dc ≃ 400 km, θref = −π

2
and∆θref =

π

3
(4)

This empirical function matches the distribution of the characteristics of the features (figure 3) from

the learning dataset and is more stringent for the cells thatare on the anti-cyclonic side of the jet.

Warming rate and position with respect to the jet are likely to be used for the selection of warm areas

that are linked with upper-level dynamics.

Validation of the algorithm

To further validate the performances of the algorithm, we have applied it to an independent test sample

of situations that are taken over year 2004 from the Météo France dangerous events database. To

evaluate the real-time performance of the algorithm, we look at the cells detected by the thresholding

algorithm (before any selection procedure) and generate a sample made of cells that are linked with

upper-levels dynamics. The ground truth for building the verifying samples is a forecaster’s decision.

We compute false alarms rates (FAR) and probabilities of good detections (POD) as

FAR =
Nfalse

Nhits + Nfalse
andPOD =

Nhits

Nsample

where:

• Nhits is the number of relevant cells that are detected after filtering (hits).

• Nfalse is the number of spurious cells that are detected after filtering (false alarms).

• Nsample is the size of the sample of relevant cells.

We use a cell count rather than a trajectory count to evaluatethe detection in a six-hour assimilation

cycle. The FAR reaches values of 0.7-0.85 whereas the POD reaches 0.15-0.25 depending on the

decision parameters (Michel and Bouttier, 2006). Some improvement could however be expected

from other sources of information (such as satellite-basedestimations of cloud cover) by removing

the spurious cells that are still present in cloudy areas.

Using pseudo-observations in data assimilation

4D-Var, direct assimilation of radiances and pseudo-obser vations

The current emphasis in the data assimilation community is on the direct use of satellite radiances

rather than retrievals of atmospheric temperature and humidity profiles as the last ones do not take

into account cross-correlation errors with the background(Joiner and Dee, 2000) and are therefore

suboptimal. 4D-Var assimilation of WV geostationary ClearSky radiances (CSR) has proven to be

beneficial for the analysis of the humidity and of the upper-level wind fields especially in the tropical



region (Köpkenet al., 2004). 4D-Var through the coupling of wind and humidity in the tangent-linear

model (TLM) is indeed able to partly infer the wind from radiance observations. This has been stud-

ied in the ideal context of a 1D Extended Kalman Filter and constituent assimilation by Daley (1995)

and highlighted in a realistic context of water vapour ATOVSradiances assimilation by Anderssonet

al.(1994).

However pseudo-observations, for example of troposphericwinds derived from humidity features

tracking in WV channels (Veldenet al., 1997), have not disappeared despite their contamination with

large-scale spatial errors (Bormannet al., 2003). Synthetic “bogus” surface pressure observations are

successfully used in analyses of the Southern Hemisphere and the tropical atmospheres, e.g. for po-

sitioning tropical cyclones (Pu and Braun, 2001). This workinvestigates whether one can generate

reliable pseudo-observations of dry intrusions associated with mid-latitude cyclones from sequences

of geostationary satellite images in order to correct alignment and amplitude errors in backgrounds

fields (see Lawson and Hansen 2005 for a discussion on additive and alignment errors).

Preliminary testing of direct WV radiances assimilation shows that the dynamical impact is weak

for the mid-latitudes. Guérinet al.(2006) argue that upper-level temperature and humidity incre-

ments have a weak impact on dynamical fields. The covariancesimplied by the current multivariate

formulation of B are not fully described in observation space (only the variances are being stud-

ied by Anderssonet al., 2000), so that this issue requires further study. Snyderet al.(2003) show

in a quasigeostrophic model that error covariances rapidly(within one day) exhibit a strong spatial

correlation between the PV variance and the magnitude of thereference-flow PV gradient and that

these characteristics can survive the assimilation of observations. We therefore suggest that theB

specification may not be accurate enough to fairly representthe temperature and humidity correlation

with vorticity is these localized regions, and that its implicit evolution in 4D-Var over an assimilation

window of six hours may not either (see also Fischeret al., 1998). However this assumption has still

to be proven and will be the topic of a future study.B and its temporal evolution can be inferred from

random estimations (Anderssonet al., 2000):

B ≃ 1

NBGV ECS

NBGV ECS
∑

i=1

(B1/2ξi)(B
1/2ξi)

T whereξi ∼ N (0, 1)

So that the projection ofB in observation spacesH1 andH2 can be diagnosed through:

H1BHT
2 ≃ 1

NBGV ECS

NBGV ECS
∑

i=1

(H1B
1/2ξi)(H2B

1/2ξi)
T whereξi ∼ N (0, 1)

It is therefore possible, using forH1 observations of dynamical quantities such as wind or PV and for

H2 observations of radiances to study the projection of analysis increments in observation spaceH1:

H1δx = H1BHT
2 (H2BHT

2 + R2)
−1d2

(whereB andR denote respectively background and observation error covariances,d is the innovation

vectoryo − H(xb)) and in a 4D-Var analysis whereB is implicitly evolved in time with the linear



perturbation modelL:

H1δx = H1LBLTHT
2 (H2LBLTHT

2 + R2)
−1d2

This can be used to study to what extent the assimilation of WVradiances has an impact on PV ini-

tial state, or also to study the background error in PV space (e.g. H1 = H2 = HPV ). Examples

of background variances projected in PV space for a staticB (e.g. in a 3D-Var framework) will be

presented in the next section. One possibility would be to locally specify correlations inB to recover

PV-balanced increments in the region where the radiances seem to be linked with the upper-level dy-

namics. This is not feasible in a real variational data assimilation system whereB is specified in the

spectral space, but a wavelet approach forB might be more successful.

Furthermore, linear data assimilation system would be ableto produce realistic increments only

in the case where the displacement error is small compared tothe vortex size (for linearity reasons,

as reported by Lawson and Hansen,2005). Therefore the approach of building pseudo-observations

and assimilating them in a 4D-Var is studied further in this paper. Weaknesses of this approach will

be also highlighted.

Modifications of the PV initial state

Actually, in case of a strong failure of the system to providea good background state, PV modifica-

tions are often introduced manually. This is very similar totropical cyclone bogussing. Røstinget

al.(2003, 2006) introduce PV modifications to the initial stateusing PV inversion and singular vectors

to solve the height assignment problem. The vertical PV structure of the leading singular vectors and

the WV images are used to diagnose the full 3D structure of themodifications. It is clear however

that these details should be as much as possible produced by the data assimilation algorithm itself,

to take into account several temporal position and amplitude observations as well as the statistics

associated with observation errors. Other well-known advantages include more consistency with the

model dynamics, resolution and physics (Pu and Braun, 2001).

The observation operator and the error variances

The goal is to incorporate pseudo-observations of dynamical quantities such as PV, surface pressure

or relative vorticityξ. There may be a need for a special observation operatorH inside the variational

assimilation scheme.

A PV operator, its tangent-linear and its adjoint versions based on a simplified form of Ertel PV have

been implemented into the ARPEGE assimilation scheme (Guérin et al., 2006).

HPV = −gξa
∂θ

∂p
− g

fp

R

(p0

p

)R/Cp
[(∂U

∂p

)2
+

(∂V

∂p

)2]

The conditioning of the 4D-Var minimization is weakly affected by the PV operator leading to good

convergence, as no cross terms between the balanced and the unbalanced part of model variables

appear in the Hessian due to the particular PV observation operator (Appendix B of Guérinet al.,



2006).

The assimilation of pseudo-observations of relative vorticity is straightforward, asξ is part of the

control variable of the minimization problem (Derber and Boutier, 1999).

The observation error variance depends on the way these pseudo-observations are produced and

will be discussed in the next section for PV observations.

The background error variances are diagnosed through randomization:

HPV BHT
PV ≃ 1

NBGV ECS

NBGV ECS
∑

i=1

(HPV B1/2ξi)(HPV B1/2ξi)
T whereξi ∼ N (0, 1)

Variance maps forσPV
b highlight regions where the data assimilation scheme wouldgive large weight

to PV observations. An example is shown on figure 4 with the meteorological background shown

in figure 5. Strong values ofσPV
b are connected with meteorological features such as pronounced

tropopause gradients (Snyderet al., 2005) and as the low over Island.

0.4

0.4

0.8

0.
8

1.2

30°N

30°N
40°N

50°N

60°N

70°N

80°W

80°W

60°W

60°W

40°W 20°W 0° 20°E

20°E 40°E

40°E

60°E
60°E

Figure 4: σb map in PV space valid for 01 December 2006, 06 UTC as deduced from a

randomization with NBGV ECS = 100 (the accuracy is of the order of 1/2
√

NBGV ECS). Con-

touring every 0.2 PVU. Truncation T107 at model level 25 (about 435 hPa).

Building pseudo-observations using displacement and ampl itude errors

Satellite images are daily used to monitor NWP output in terms of displacement and intensity errors.

We consider doing this automatically by processing model output imagery. The procedure described

above has been applied to synthetic satellite images produced by the operational global model of

Météo-France, ARPEGE, post-processed on the same domainas satellite images at a resolution of

0.2 degree. Radiances are produced by the RTTOV radiative transfer simulation software for the rel-

evant imager. The detection and screening procedures behave much as if satellite images were used.
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Figure 5: Meteorological background valid for 01 December 2006, 06 UTC (an ARPEGE

6 hours forecast). Geopotential of the 1.5 PVU surface (lavender contours every 100 dam,

only where Z ≤ 1100 dam) and Mean-Sea Level Surface Pressure (black contours every 5

hPa, shaded when Pmer ≤ 1000 hPa). Truncation T358.

A geometrical association procedure has been developed to compare the satellite and the model

dry intrusions: each feature detected on the model output isassociated with the closest satellite im-

agery feature if it is nearer thandassoc = 1000 km. When one considers our learning sample of

cyclonic events, 85% of the simulated ones are associated, versus 70% of the observed ones. In other

words, a majority of dry intrusions is automatically detected and associated in both model and satellite

imagery. This procedure allows to study distortion and amplitude errors as introduced by Hoffmanet

al., 1995 (see also the figure 6).

Cs

Cm

Figure 6: The distortion and amplitude errors in the comparison of a satellite (Cs) and a

model cell (Cm).



Provided that the satellite (Cs) and the model (Cm) cells are linked for a sufficient time (here 6

hours), pseudo-observations are build in either a monopoleor dipole configuration (figure 6). Denot-

ing byG the gravity center of the cells and byf a dynamical field (fb for the background,f0 for the

pseudo-observed field), one can build pseudo-observationsat the satellite positionG(Cs) and at the

model positionG(Cm) for f observations by:

fo

[

G(Cs)
]

= fb

[

G(Cm)
]

+ ∆f (Cs, Cm)

fo

[

G(Cm)
]

= fb

[

G(Cm) −−−−−−−−−−→
G(Cm)G(Cs)

]

)

∆f (Cs, Cm) is the amplitude correction and depends on both cells characteristics and of the dy-

namical link between radiances and the fieldf . In this case,f would be potential vorticity for the

extra-tropical cyclone problem, or surface pressure or relative vorticity for the tropical cyclone prob-

lem (Pu and Braun, 2000). The dynamical link between WV radiances and PV is explored further

in the next section. In the case where no cells are present in either the imagery or the model, a first

approximation consists of trying to apply the same algorithm with a zero displacement error. We see

that there isa height problem assignmentfor f (this is of course general for pseudo-observations

based on bidimensionnal imageries rather than on outputs from atmospheric sounders). Choosingf

is in a way quite similar to building a balance inB for traditional observations. The second obser-

vation at the model cell positionfo

[

G(Cm)
]

only corrects the displacement error and assumes that

it is spatially uniform. One could imagine other forms for the displacement error possibly including

an observation displacement error and a model of its spatialdistribution (as first proposed by Lawson

and Hansen, 2005).

4D-Var assimilation of PV and amplitude correction: the PV - WV

relationship

The practical problem is to translate the detected feature information into observations that can be

assimilated. It is suggested that model/observation radiance inconsistencies tend to be related to PV

errors in dynamically active areas. PV is an attractive parameter to assimilate in 4D-Var, because it

is more directly related to linearized model dynamics than radiances. Modifying the upper-level PV

fields of the initial state has proven to be an efficient way to correct forecasts of cyclogenesis, as shown

by Demirtas and Thorpe (1999) using PV inversion procedures. However it remains challenging even

for a trained forecaster, as pointed out by Swarbrick (2001).

Various authors have attempted to establish a quantitativerelationship between PV and WV ra-

diance temperatures using different approaches. For example, Georgiev (1999) reports significant

correlation with linear regression between WV data and PV at500 hPa (where samples are how-

ever restricted to localized areas and limited by a threshold condition PV>1.2 PVU). Pankiewiczet

al.(1999) investigate a regression using an artificial neural network between WV radiances and PV

on the 315 K isentropic surface. Complicating factors in thePV-WV relationship are listed by several

authors (Demirtas and Thorpe, 1999; Georgiev, 1999 and Swarbrick, 2001) and include WV depen-

dence with vertical profiles of temperature and degradationcaused by inconsistencies between model

and observations.



Relationship between temperatures of the cells and PV fields in model trajec-
tories

We therefore work with synthetic WV images from RTTOV so thatthere is no model error degrading

the PV-WV relationship. Michel and Bouttier (2006) exhibitsix situations where a clear qualitative

agreement along time could be seen between the temperaturesof the cells (6.3µm MVIRI channel

simulated with RTTOV) and the averaged PV values of the cellson a isobaric level (at 400 hPa where

the water vapour channels peaks). We post-process fields of PV on isobaric levels from 800 to 50 hPa

and extract vertical profiles of PV averaged under the surfaces of the detected cells. The 1.5 PVU

height HTropo is computed as a log-interpolation of the lowest height where PV (HTropo) = 1.5

PVU. We compare the temperatures of the cells with the value of PV at 400 hPa (PV400 hPa), with

Htropo and with vertical averages of PV
∫

H
PV (h)e−

(

h−HRef

∆H

)2

dh (Href = 400 hPa, 550 hPa and

∆H = 200 hPa).

The figure 7 shows the evolution of these parameters along time (following the tracking) for a

trajectory of a dry intrusion detected by the algorithm on 18/11/2004. The agreement is very good

between the temperature and the PV evolution of the cell witha correlation ranging 0.85 (the linear

regression shown on the right panel of figure 7).

The figure 8 shows the evolution of temperature andHTropo along time (following the tracking)

for a trajectory of a dry intrusion detected by the algorithmon 20/05/2006. The agreement is greatly

improved when temperature jumps at assimilation times are canceled. HTropo exhibits a spurious

jump att0 + 18 hours related to its definition which is not continuous with the PV vertical profile.

The PV amplitude correction

As shown in the previous example, some factors degrade the PV-WV relationship. We have extracted

the PV profiles associated with 10 trajectories of cells tracked in the model imagery. No parameter

betweenHTropo, PV400 hPa or vertical averages of PV performs better than the others onall cases.

The PV-WV relationship needs to take into account:

• potential horizontal shifts between the PV and the WV fields (e.g. because of a tropopause

foliation);

• the vertical level attribution (especially when PV anomalies do not reach the standard 1.5 PVU

value).

• temperature jumps at analysis time when using 4D-Var trajectories due to temperature at hu-

midity increments (c.f. figure 7);

Local maxima can be detected along the vertical profile of PV,thus providing a basis for studying the

second point. The horizontal shifts that sometimes occur between PV and the WV fields seem more

difficult to handle automatically, and further work is needed on this issue.
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Figure 7: Evolution of the maximum temperatures (lower curves),of PV400 hPa, Htropo and

vertical averages of PV for the trajectory in the model imagery (ARPEGE 4D-Var trajecto-

ries associated with radiative transfer RTTOV for SEVIRI 6.2µm channel). Time is in hours

since first detection and starts 18/11/2004 06UTC. Right panel: linear regression between

temperature and HTropo, correlation coefficient=0.85
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from temperatures gaps at assimilation times) and of Htropo (lower panel) for the trajectory in

the model imagery (ARPEGE 4D-Var trajectories associated with radiative transfer RTTOV

for SEVIRI 6.2µm channel). Time is in hours since first detection and starts 20/05/2006

05UTC.



A case study of cyclogenesis

A brief synoptic description

On 26th May 2006, ARPEGE model overestimated the development of a cyclonic event over the

Atlantic (figure 9). This spurious development occurred in abreaking jet flow. A potential vorticity

anomaly placed in a confluence entrance of the jet exhibits rapid growth to lead to a cyclogenesis 24

hours later. Almost all forecast ranges prove to be erroneous as compared to the observations (not

shown) or the analysis (figure 9) by overestimating the development.
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(b) 24 hours forecast
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(c) 12 hours forecast
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(d) Analysis

Figure 9: Analysis and ARPEGE forecast valid for 27 May 2006, 00UTC. Wind at 300 hPa

(only force superior to 30 m s−1, green arrows), surface pressure (dashed above 1020 hPa,

solid bold at 1015 hPa, solid under 1010 hPa, every 5 hPa), 1.5 PVU height (every 100 dam

starting 1100 dam, violet contours).

Application of the tracking algorithm

We applied the above detection and tracking algorithm to both MSG and model output water vapour

images (figure 10). The algorithm selects two cells on the model imagery in the vicinity of the region

of interest (35N, 50W) as shown on figure 10. They are also clearly visible on upper level dynamics



as shown by the model potential vorticity fields (figure 11). One of these cells is also present in the

MSG satellite imagery but with a visible displacement error.

(a) MSG

(b) ARPEGE+RTTOV

Figure 10: Comparison of results of the algorithm on water vapour images on 26 May 2006

03 UTC, as provided by MSG 6.2µm images (upper panel) and RTTOV with ARPEGE fore-

cast (lower panel). Bold green contours delineate cells and thin purple line show trajectories

(starting with a cross). Radiance temperatures are in Celsius. The cyclogenesis of interest

is on the lower left corner near 30N, 55W.

Introduction of PV observations

PV observations are introduced using the preceding described method but using only the displacement

error. They are introduced every hour of the 6 hours data assimilation window with a specified

observation errorσo = 0.2 PV U . The 4D-Var allows a flow dependent and time-consistent correction

of the PV initial state (see the PV increment on figure 13). Thenew analysis PV field (figure 11) has



a displaced and slightly weakened PV anomaly compared to theguess at the location of the cell.
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Figure 11: Correction of the PV initial state : PV fields at 300 hPa from ARPEGE on

26/05/2006 00UTC (contouring every 1 PVU starting 1 PVU) and relative vorticity at 850

hPa (contouring every 0.5s−1 starting 0.5s−1).

The assimilation of this PV observation leads to a limited but positive impact on the forecast.

The figure 12 shows that after 24 hours, the cyclogenesis is 5 hPa less deep than the guess forecast

but still more intense than the verifying analysis. PV increments interact through localized vertical

velocities with the lower relative vorticity vortex (figure13). Only a part of the analysis error is cor-

rected. Reasons may include that just a few PV observations where presented to the data assimilation

scheme and that the cyclogenesis was already strongly developing in the background field used for

the assimilation.
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Figure 12: Mean-sea level surface pressure (contouring every 5 hPa) and 1.5 PVU height

(every 500 dam, in violet) valid for 27/05/2006, 00 UTC.
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Figure 13: Non-linear evolution of the increment (e.g. forecast from analysis minus forecast

from background) at 300 hPa for 6 and 12 hours. The contouring of PV differences at 300

hPa is in grey (every 0.2 PVU, colour-shaded). Contouring of differences of vertical velocities

at 700 hPa (red when positive, blue negative; contouring every 0.1 Pams−1). Contouring of

differences of relative vorticity at 850 hPa (bold contouring every 0.5 s−1).



Conclusion

An algorithm has been developed that detects satellite imagery features likely to be associated with

active upper tropospheric cyclones. It works in several steps. Sets of radiance temperature pixels

that are significantly warmer than their environment are detected on individual images using a multi-

thresholding algorithm. These sets, called “cells”, are grouped into trajectories that span several

consecutive images, based on overlapping and advection criteria. The spurious features are screened

using several selection criteria. The lifetime criterion requires that trajectories of features last longer

than a given threshold. The temperature criterion requiresthat each trajectory warms up at a minimum

rate at its beginning, which is typical of dynamically active cyclones. The meteorological context

criterion requires the use of a model output, and needs the trajectories to be close enough to an upper

level jet stream and on its cyclonic side, for a significant time.

The detection and screening algorithm is tested on a sample of images over the North Atlantic and

Europe. It is shown to detect all meteorologically significant cyclones, while detecting few spurious

(i.e. not dynamically active) cyclones. The performance issimilar when the algorithm is applied to

simulated images from an operational global NWP model. A simple model/image object association

technique is tested, which provides an easy visual comparison between forecast and observed upper

tropospheric cyclones. The output can be interpreted in thelight of the theory of PV dynamics and its

interpretation in terms of water vapour satellite imagery.

This work demonstrates the feasibility of an automatic comparison between model and imagery,

in terms of dynamically active upper tropospheric cyclones. Ongoing work deals with the relationship

between the temperature of these dynamical cells and the potential vorticity fields. We show several

cases where a qualitative agreement exists between radiance and averaged PV values under the cells.

The relationship was shown to be degraded by analysis increments (when using 4D-Var trajectories for

the cells), by apparent horizontal shifts between WV and PV fields and by the presence of localized

maximum on PV vertical profiles (that do not impact the 1.5 PVUheight but that appear in the

temperature signal).

The assimilation of PV observations has been tested on a caseof an ARPEGE bad forecast. The

cyclogenesis has weakened compared to the guess run but is still to deep compared to the verifying

analysis. The PV increments interact through localized vertical velocities with the lower relative

vorticity vortex. The result is encouraging because just a few PV observations where presented to the

4D-Var assimilation scheme.

Future work will address the automatic specification of accurate PV observations and of their

error statistics. One issue that should be covered is the detection of a tropopause foliation (when

there are apparent shifts between WV and PV fields) in order toimprove PV-WV relationship and

the amplitude correction term. The study of the behaviour ofPV observations and of their impact on

cyclogenesis forecast will then be addressed more generally.
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