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INTRODUCTION
Analysis and forecasts tfopical cyclones involve two main foci: location aintensity. In order
to make a good forecaistis essential that the current conditions of a storm be accurately known. This is a
more difficult task than it seems. While there are numerous surface observations ovbelaade scarce
over the oceamwhere the majority of storms originate. Ship observations are availalilegain they are
sparse. Bipsalsotend to avoid steering into storms. This leads to other methods of data ratribes
determine the current conditions of a tropical systéAircraft reconnaissance data is an extrignuseful
and accurate tool. On the downsitle cost of a flight and the small number of planes available limits the
amount of potential data from this method of retrieval. Also, half of the tropical @glonthe Atlantic
are too far away to be reached by aircraft. With this lack of continuous data, forecasters are led to look for
other methods to helgetermine the current condition§a storm. Since hurricane forecasting beghere
have been numeroumprovementsand technological enhancements, bhere still remain difficulties
within eacharea, especially intensity forecasting
The emergence of satellite imagery in the early 1
forecasting. Forecasteweae able to locate more storms,they
were now ablgo see over the oceagnshere surface dataere
not available. Satellite pictures became operational in the mid
19606s with about one picture a deé
(Timchalk et al., 1965; ke 1964). As more frequent satellite
pictures became availablpexific patternsverenoticed and by
t he early 19706s a met hod for usi
determine current intensity was developed (Dvorak, 1973).
What has become known as the Dvorgchnique looks at
satellite pictures to determine a cloud pattype as seen in Fig.
1. From the cloud pattern a correspondiirgumber anaturrent
intensity can be determined. The method has improved over the
years with some changes such as includimigared satellite
FIG. 1. Visible Satellite Picture of Katrina (200 Pictures, but it remains very similar to the first process that came
with corresponding Dvorak cloud pattern out. This method has proven quite accurate; however, it has its
indicating an intensity estimate of 35 kts. downfalls. Each classification is based off a previous one, and
certain restrictions are made that Iwilot allow a current
intensity to increase or decrease past a certain amount than the previous estimate made. Also, when storms
are first forming the cloud patteroan be ambiguous making it difficutt make an accurate classification.
Pitfalls such a these have led researchers to look for alternative or complementary westinaiting
current intensity. The difficulties present in specifying the current intensity may be one of the reasons why
since 1990, there has been little change in the accofadntensity forecasts (Rappaport et al., 2008). This
study looks at a relatively recent method of current inteng@=s=y
estimation usinghe Advanced Microwave Sounding Unit (AMSU).
The first AMSU was launched on 13 May 1998 on the
NOAA-15 polar orbitingsatellite (Kidder et al., 2000). The AMSU
is a microwave radiometer that detects earth and atmosphere em
radiation in the microwave part of the electromagnsgiectrum
(UW-CIMSS, 2008. Microwave sounders have the advantage of
penetrating throughl@uds, which geostationary visible and infrarec
satellites canot do. Each channel sensedfferent microwave —)
T e e e o i, sy s e )

) A ) ) anomaly vertical cross section of Katrina (200:
structure of a tropical systeniThis is unlike the Dvorak technique The difference (anomaly) between trenw (red)
which only views the top of the cloudrhe resolution of the AMSU core and cold (blue) outer bands can be used
at nadir, meaning the pass is centered directly over the storm cenggfain the storm intensity




is 50 km, and at the limbs when gpass is at theide of the storm, is 100 knThis will be important to
remember when looking at the analysis involving the core size of a sWhite the AMSU soundings
provide data that can be used for numettypss of atmospheric analystsopical cyclone intensitis most
concerned with brightness temperature (Tb). The AMSU cannot detect temperature directly but it can
derive Th. A warm brightness temperature anomaly is indicative of the actual warm core of a tropical
system. As a storm intensifies, the warnghthess temperature anomaly will increase, especially near the
center or eye of the storrd{V-CIMSS, 2008. Fig. 2shows an example of the vertical storm structure that
can be derived from the AMSU data.

This study compares AMSU intensity estimates friovo institutions, the Cooperative Institute for
Meteorological Satellite Studies (CIMSS) and the Cooperative Institute for Research of the Atmosphere
(CIRA). While each institute uses the same instrument, each selects different information and uges separa
algorithms to determine an intensity estimate. The CIMSS Algorithm uses AM&tannels 5 through 8
and AMSUB channel 16. It appliesorrections to account for stgampling (storm size is smaller than
instrument resolution) and scan geometry (imagnt at limb, not at adir). The CIMSS AMSU also
considersthe radius of maximum wind (RMW), which is indicative of the storm core size, and the
environmental pressure for boundary conditiof® obtain a wind estimate, first, the mean sea level
pressure NISLP) is determined from a multiple regression scheme that directly uses the AMSU channels.
The MSLP is then used to obtain a correspondimaximum sustained wind speeM$W) estimate.
Finally, the CIMSS algorithm is updated annually in hopegeairlyimprovement. The CIRA algorithm
uses 23 pressure levels throughout the atmosphere for data retrieval. The method relies on model data for
boundary conditions, and there is no correction forsanpling. The CIRA Algorithm uses the AMSU
channels to geemperature and wind fields, and then a multiple regression scheme to get the MSLP and
MSW separately. The last CIRA update was in 2006e differences in the two algorithms account for
the differences in the intensity estimates. In this study, thelkyaithmsareanalyzed separately.

METHODOLOGY

Data Retrieval

For this study, all data used for analysis were obtained from the Automated Tropical Cyclone
Forecasting system (ATCF). A total of four parameters are analyzed: CIMSS AMSU, CIRA AMSU,
TAFBDvor ak, and SAB Dvor ak. TAFB is NOAAG6s Tropical
NOAAGs Satellite Analysis Branch. While the raw da
separately, for comparison, the wind estimates of the TAFB and[BABak method are averaged to get
an overall Dvorak wind estimate. It is important to know that by averaging the two Dvorak estimates, this
generally provides a smaller error than using them each separBtety.track data listed in the Tropical
Cyclone Reports (Jarvinen et al., 1984) issued by the National Hurricane Center is used to verify the
parameter estimates. The parameter estirate®@rational, meaning that thaata valuesused in this
study are the same as those available when the acresb$ts were madeData points from both the
Atlantic and Eastern Pacific basins were used.

Data Requirements

The completeaw data set contains more data points than were used for final analysis. First, the
time of each AMSU pass had to be withimotlours of a reconnaissance flight in order for the data to be
used. This is required to ensure that the best track data used to verify the data set is based from in situ data,
and not the estimates being analyzékhis requirement eliminates the majgritf Eastern Pacific basin
data as well as many Atlantic data poinfs.om here, the data was required to be homogeneous meaning
that for each timef an AMSU passall four parameters (CIMSS AMSU, CIRA AMSU, TAFB Dvorak,
SAB Dvorak) had to be availableThis ensures that when comparing the analysis of each parameter the
same set of storms and times are being compared. This is important, as no two storms are identical.
Dvorak estimates and best track values are only given every six hours, so the lsixiduclosest to the
time of the AMSU pass was used for eddISU passtime. Best track data is also available at every 6
hour interval. Since the Dvorak technique estimates have the advantage of being at the same times as the
best track values usedrfeerification, interpolated best track values were determined for the time of each
AMSU pass. The AMSU data was then verified using the interpolated best track data.



Data Divisions

Once the data set was completed, it widslivided to provide a compte analysis. The combined
data (20052008) wadirst analyzed as one complete smtd then it wasplit into a multistratification of
intensity and core size. Fdri$ muti-stratification, the intensity, determined by maximum sustained wind
speed (MSW, was divided into weak systenf8ISW 63 kts and less), and strong systefidSSW 64 kts
and greater). The core size, determined by radius of maximum wind (RMW), was divided into small core
systens (RMW 25 nm and less), and large ceystens (RMW 30 nm andreater). RMW is operationally
estimated to the nearest 5 nm. These divisions roughly split the size and intensity samples into halves, and
led to a total of four sets: small/weakstemqSW), large/wealsystemqLW), small/strongsystemgSS)
and lar@/strongsystems(LS). Due to the interpolated best tragd&taused for AMSU verification, the
sample sizes for the intensity and size stratification may shghtly between the Dvorak and AMSU
parameters. This happens if a best track value is on tlwdbr between two categories and upon
interpolation, the value falls into the other category causing different sample sizes.

Statistical Measures Used

For each of th@forementioned categori¢isree statistical measurase used to analyze the data.
Thefirst of these is the mean bias error (MBE) also known as the total error. For each data point the bias
error (BE) is given by:

BE = Xexperimentar Xtrue:
where X%yperimentaliS the parameter wind estimate, ang.Xs the best track windr interpohted best track
wind. The MBE is the average of all the BHor a given parameterThe closer the MBE is to zero the
better. The advantage of this measure is that it can determine whether a parameter overestimates or
underestimates the true valoe aveage The disadvantage is that a dataset can have huge individual bias
errors, but if there are similar magnitudes of positive and negative errors, the mean bias error can come out
to zero.

This leads to the importance of the second statistieEsuremean absolute error (MAE). The
absolute erro(AE) for each data point is the absolute value of the bias error, given by:

AE = | Xexperimental‘ Xtruel
The MAE isthen the average of all the individual AEShe MAE helps rule out the disadvantagettod
MBE. Here, since all values are positive, if there are large individual absolute errors, they will be reflected
in the mean value.

The final statistical measure used is the cormfatioefficient, also called an¥alue. It measures
the strengthand direction of a linear relationship between two variabldsch in this studyarethe best
trackor interpolated besttracki nd and each par aThedoreetatios Riale ingivere st i mat e .

by:

roo= G ER BX [ AT ((BEX) * ( CNEERRT) ] i = 1,¢é,n,
where % is the parameter estimate,ix the best track value, and n is the sample slirethis case, the
closer the value is to 1 the better theretationis. MBE, MAE and an Rralue together can give an idea
of what a data set looks like and how accurate it is.

Significance Testing
One of the overall purposes of this studytisdeermine the situations where oeMSU
technique does better than the otf@MSS vs. CIRA) and where theso AMSU techniquesutperform,
are competitive with, or are outperformed by the Dvorak techn@udSS, CIRA AMSU vs. Dvorak)
While looking at the statistical measures alone is helpful, it is important to perforsticthtsignificance
testing to determine if the differences seen between the parameters is enough to make an overall
conclusion. To perform the statistical significance testing, atailexl ztest was performed between each
of the parameters for each thfe three statistical measureBE, MAE and correlation-value (Spiegel,

1990.) For the MBE z value, first the stamd d devi ati on, g, needs to be foun
formula for 0 is as foll ows:

G = & ®EEE M),
w h e r signifiés the sumoveralli,Ber e t he individual bias errors of t

and n is the sample size. @paring, for example, parameter 1 with MBE n d, and parameter 2 with
MBE, and, O0a comparati ve pgibednsdfaundd The tonmula for tbis staridard
deviation is:

o _ o 2
UmBE1-MBE2 = al2qn1 + ,Mny).



Then, the z value is found by:

z =(I[MBEy| - IMBE,| ) wbe1-vie2:

Since mean bias error can be either negative or positive, the absolute value is taken so that only the
magntude is compared. For example, a MBE of 1 ktlokt is the same distance fnzero. Thus when
comparing thoséhere is no difference between the magnitudes leading to a value of O for z. If the absolute
value were not taken then z would not be zero leading to an inaccurate result. Finding a z value for MAE
comparison uses the same equations for the standardioleviahd z valusubstituting MAE for MBE,

and AE for BE, whereAE;i s t he i ndividual absolute error for
positive, taking the absolute value is not necessary.

Once a z value is found, several things can bemated. First, the sign of the z value tells which
parameter is outperforming. Since for MBE and MAE the lower or closer the value is to zero, the better the
parameter is doing, then a negative z value indicates that parameter 1 is outperformisgookitvie, the
opposite is occurring and thus parameter 2 is outperforming. Next, there are critical values of z that help
determine the level of significance. If z is equal to or less th&45 or equal to or greater than 1.645, the
sign depending owhich parameter outperforms, then the outperforming parameter is significantly better to
a .05 level.Following the same principldf the zvalueis -2.33 or 2.33, then the parameter is significant to
a .01 level. The lower the level, the
more significant the outperformance id4ore critical values of z

Level of Siquificance | Critical Values of Z

are found inTable 1. If a z value is significant at the .05 level, but
0.1 -1.28 or 1.28

not at the .01 level it is considered probably significant. A value
0.05 -1.645 or 1.645

001 53301233 significant at the .01 level or any lower level, then it is considered

0.005 258 or 258 highly significant. If the level of significance is greater than .05,

0.002 288 or 2.88 then there is no significant difference betweentthe parameters

0.001 3.080r308 | Peingcompared.

0.0005 3.27 or 3.27 For correlation coefficient comparison, a similar z value is

0.0001 362 0r 3.62 found of which the significance level analysis is the same as for

0 -3.90 or 3.90 MBE and MAE; however, the formula to determine the z value is

TABLEL Specific significance levels and  different. First, a Z value is determithdor each parameter using

their corresponding critical z values when the formula:
applyinga significance zest. Z = 5*In[(1+r)/(2-1)],

eact

where r is the correlationsiscoefficie

determined where,

0= 14% (n
where n is the s aspet.e Sisdeermineddy:mi | ar t o 0

Un2=  &(+0 226-
Then,

Z= (Zl i ZZ) /Zl—ZZ.ﬁ
The interpretatiomf this z value is the same as before except when analyzing the sign of the z value. With
correlation, the higher the value the better, so in this case a positive z value indicates that parameter 1 is
outperforming, while a negative z value indicates thatameter 2 is outperforming. The levels of
significance are the sanas before and found irable 1

CIMSS AMSU VS. CIRA AMSU ANALYSIS AND DISCUSSION

In this section the analysis of the CIMSS AMSU and the CIRA AMSU will be discussed and
compared to etermine if either of the techniques is better than the other.

Combined Data Set (2005008)

Combining all the individual years into one data set givestal Data Set Makeup
sanple size of 199 data value$able 2shows the breakdown of the -
dataset by each hurricane season. Year | Total Sample Sizg

Thecombined data set analysis indicates that€IMSS AMSU 2005 68
has the lowest values of MBE and MAE as indicatedrign 3a The 2006 33
CIMSS AMSU MBE with a value of4.1kts, is almost half the vaduof 2007 27
the CIRA AMSU MBE with -8.0 kts, and based on the sifjoance 2008 71
testing found inTable 3,is significantlylower than the CIRA MBE. The| 20052008 199

ABLEZ. Breakdown of the total data set
sample size by individual hurricane season



CIMSS MAE is also significantly lower than tHeIRA MAE. Looking atFig. 3b and Fig. 3c, both
parameters show a pattern of underestimating theinitamsity at higher intensities. The CIMSS AMSU,
however does show more ¢k points that provide a better estimate at the higher intensities than the CIRA

AMSU does, which would account for the CIMSS AMSU having a lower MBE. Also, the CIMSS AMSU

bestfit line appears to be more parallel with the perfect fit line, which alscesponds to the higher
correlation value. The CIMSSwalue is also significantly higher than the CIRA as indicatetiahle 3.
Overall, for the combined data set, ttdMSS AMSU outperforms the CIRA AMSWased on the
significant differences between #firee statistical measures.

CIMSS vs. CIRA Significance Testing
Stratification MBE Z | Significance Level| MAE Z | Significance Level| Correlation Z| Significance Level
Combined 20082008 | -2.770
Large/Strong -0.646 No difference No Difference -0.128 No Difference
Large/Weak -0.509 No Difference 0.753 No Difference
Small/Strong -2.698 1.058 No Difference
Small/Weak -2.802 0.721 No Difference

TABLE 3. Displays the z values and corresponding significance levels when comperi@MSS AMSU with the CIRA AMSU for each

stratification.

Any category highlighted in gray dcal méasutesis
better than the other AMSU parameter to a significant level.
Figure 3a: 2005-2008 Combined Errors Figure 3b:
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Figure 3c: 2005-2008 Bias Errors vs. Best Track

Winds
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FIG. 3. a) Displays mean bias error (MBE) in blue and mean
absolute error (MAE) in red for the CIMSS AMSU, CIRA AMS
and Dvorak for the 2002008 Combined division. b) Displays
best fit linear regression lines and correspondaogrelation
coefficientRv al ue for each paramet
best track winds for the 20@908 Combined division: CIMSS
AMSU (blue), CIRA AMSU (red), Dvorak (green). Black line it
perfect fit line displaying what a perfect correlatisnc) Displays
the individual bias errors versus best track winds for the CIM¢
AMSU (blue), CIRA AMSU(red), and the Dvorak (green) for tt
20052008 Combined Division.

For the multiple stratification by intensity ammbre size, there were a total of four divisions:
large/strong (LS), large/weak \l), small/strong (SS), and small/weak (SW). Hus stratification, it is

important to remember the resolution of the AMSU instrument, which is the same as an RMW of about 25

nm. The criterion for the small stratification for RMW is 25 nm and leBsr these small systems, it is
suspectedhat the AMSU resolutiomay not be reliablenough to aagrately resolve the intensity

Starting first with the large/strong systems, the sample size was the smallest out of any of the

divisions with only 19 data vaés. For this division, the CIMSS AMSU had close to zero bias with a MBE

™
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Best Track Winds
® CIMSS
AMSU
[ ] Bias
[ ] 4 ™ Error
» ¢
e 4 + A HCIRA
L " L AMSU
R ry T i ] Bias
60 ﬁ 80 a0 A 100 10 120 Error
© - A Dvorak
TE § .i Bias
* Error

Best Track Wind (kts)

FIG. 4. a)-c) Same as for Fig. 3, but for the Large/Strong Stol

division

. Refer to K. 3 for figure details.

of -.2 kts, which is the lower MBE of the two
AMSU parametersss indicated ifFigure 4a. Also,
the CIRA AMSU MBE is positive indicating that
the parameter overestimates on average tlfios
division. The CIMSS AMSU also haa lower
MAE as seen irFigure 4a. However, looking at
Table 3, these differences are not significant.

While it is difficult to see a strong pattern in

Figure 4b and Figure 4c due the small sample
size, the MSS AMSU appears to have a similar

number of overestimations, as

there

are

underestimations, which explains why the CIMSS

AMSU had a MBE near zero.

This also would

explain why the besit line is practically on top of

the perfect fit line. However,

dugéo some

variability the corelation coefficient is not high.
The CIRA AMSU has a few moreverestimations
overall, which is why the bedit line is above the
perfect ft line. The CIRA AMSU has a slightly
higher correlation coeffieint of the two AM&
parameters. bwever, the tvalues between the two
parameters are very similar which is confirmed
with the lack of a significardifference indicated in
Table 3. Overall, there is no significant difference
between the CIMSS and CIRA intensity estimates

for large/strong storms.

Moving to large/weak systems, the sample size for
this division is much higher than the previous
division with 67 data points. The CIMSS AMSU
again has a low MBE as viewedkigure 5a The
CIRA AMSU underestimates by slightly me but

the difference between thewo A MSU

par ameters

MBEs is not significant as indicated in Table 3.
The CIMSS AMSU also has a lower MAE, which
when compared to the CIRA AMSU is significant
at the .05 level, which indicates that the CIMSS
AMSU MAE is probably significantly lower than

the CIRA AMSU MAE. The patterns in Figure 5b

are much different than previous divisions.

The

bestfit lines for both the CIMSS and CIRA AMSU

do not parallel the perfect fit line well.

Each parameter appears to oversate at wind

speeds less than 40 kts, and then begins to underestimate at wind speeds above 40 kts. The large variability
that shows up in Figure 5c also corresponds to the lower correlation coefficients. The CIMSS AMSU does
have a higher-value, but tle difference between thevalues is not significant as seen in Table 3. Overall,

this gives a mixed result sintlee CIMSS AMSU had a probably significantly lower MAE than the CIRA,

but alack of significant difference of the other two statistical measurhis gives only a suggestidhat

the CIMSS AMSU is the better performer of the AMSU parameters for large/weak storms.
For small/strong systems, the sample size was 85, the largest of the divisions for this stratification.
For this division, bottAMSU parameters have large MBEs and MAEs compared with previous divisions.
Looking at Figure 6a, of the two AMSU parameters, the CIMSS AMSU has the lower MBE and MAE.
Table 3 confirms that the differences in MBE and MAE of the CIMSS and CIRA are sanifiHowever,

the correlation coefficients are not significantly different. Figure 6b and Figure 6¢c give some insight into
why this may be. The CIRA AMSU shows a larger underestimation as indicated in the MBE, but the
CIMSS AMSU shows a lot more variitity at higher wind speeds. It is this variability that most likely is

the cause for the lack of a large difference in thalues despite the significant differences in MBE and



MAE between the two parameters. Overall, since the CIMSS AMSU has acsigtiif lower MBE and
MAE, the CIMSS AMSU outperforms the CIRA AMSU for small/strong systems.

Finally, the last division, small/weak systems, has a small sample size of only 28. Comparing the
two AMSU parameters, the CIMSS AMSU has a lower MBE and MAHMwstrated in Figure 7a. There is
a large difference between the two MBEs, and Table 3 indicates that the difference is highly significant.
The difference between the MAEs is less than that of the MBEs, and based on the significance level the

differencei s only probably significant. While the actual

being horrible, the low correlation values of both parameters show that small/weak storm intensities are
difficult to estimate. The CIMSSvalue does break ,3vhile the CIRA AMSU rvalue does not, but the
difference is not ignificant. This may bedue to the small sample size. Figure 7c shows that both
parameters have a lot of variability, which helps explain the low correlation values. As displayedeén Figur
7b, the CIMSS AMSU bedit line parallels the perfect fit line much better than the CIRA AMSU does.
The CIRA AMSU has very few overestimations of the true intensity as indicated by tH# bestbeing

entirely below the perfect fit line. Overadlince the CIMSS AMSU does have a significantly lower MBE

and a probably significant MAE, the CIMSS AMSU outperforms the CIRA AMSU for small/weak
systems.

CIMSS/CIRA AMSU VS. DVORAK

ANALYSIS AND DISCUSSION

8.2 8.0 In this chapter, both AMSU parameters,

CIMSS and CIRA, are compared to the Dvorak to

determine the situations where either AMSU

parameter is competitive with the Dvorak or

B MAE outperforms the Dvorak. It should be noted again

that the sample sizes between the AMSU

parameters and Dvorakary slightly due b the

2.0 differences between the best track data used to

40 verify the Dvorak estimates and the interpolated
Parameter best track data used to verify the AMSU estimates.

If a best track value is on the border between two

FIG. 5.a)c) Same as fdfig. 3, but for the Large/Wedktorm dIVISIOn§ by mtgnsﬂy, when InFe.rPOIated’ the adat
division. Refer to Fig. 3 for figure details. value might fall into the other division.

Figure 5a: Large/Weak Storm Errors
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Looking at the entire 2063008
combined data set, in comparison to the Dvorak,
neither of the AMSU parameters outperforms the
Dvorak, and in fact based on the significance
teding in Table 4 neither is even competitive with
the Dvorak Figure 3a shows that the Dvorak
technique has very little bias error, and this is
reconfirmed in Figure 3b as the Dvorak bfisiine
parallels the perfect fit line very well. This is
indicaive in the high correlation value of .95 as
well. The Dvorak parallels the perfect fit line,
whereas both AMSU techniques tend to
underestimate the true intensity at the higher wind
speeds, with the CIRA AMSU underestimating at a
greater magnitude thanglCIMSS AMSU. From
this data, and the significance testing, it appears
that both the CIMSS and CIRA AMSU methods
are not competitive with the Dvorak technique.
However, the AMSU method should not be
completely discarded as a valuable intensity
analysis ool based solely on this conclusion. The

FIG. 5. a)-c) Same as for Fig. 3, but for the Large/Weak Storn  following  multi-stratification  analysis shows
division. Refer to Fig. 3 for figure details.



