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Abstract. The potential for using high-resolution meteoro- of the relatively crude ways that contrails are parameterized
logical data from two operational numerical weather analy-in those models. One approach to improve contrail repre-
ses (NWA) to diagnose and predict persistent contrail forma-sentations and to understand and predict contrail climate ef-
tion is evaluated using two independent contrail observatiorfects better, is to develop models that can more accurately
databases. Contrail occurrence statistics derived from sursimulate contrail properties at smaller scales based on am-
face and satellite observations between April 2004 and Junéient atmospheric variables including temperature, relative
2005 are matched to the humidity, vertical velocity, wind humidity, and winds and then parameterize those models for
shear and atmospheric stability derived from analyses frominclusion in GCMs. Higher resolution contrail models could
the Rapid Update Cycle (RUC) and the Advanced Regionaklso be useful for aiding contrail mitigation efforts, if that
Prediction System (ARPS) models. The relationships beneed arises. To perform such simulations, it is critical to
tween contrail occurrence and the NWA-derived statistics arenave meteorological data at high temporal and spatial res-
analyzed to determine under which atmospheric conditionlutions over a large domain because air traffic over a given
persistent contrail formation is favored within NWAs. Hu- location changes rapidly throughout the day. Only a few op-
midity is the most important factor determining whether con- erational numerical weather analyses (NWA), including the
trails are short-lived or persistent, and persistent contrails ar&lOAA/ESRL Rapid Update Cycle (RUC; Benjamin et al.,
more likely to appear when vertical velocities are positive. 2004) and the Advanced Regional Prediction System (ARPS;
The model-derived atmospheric stability and wind shear doXue et al., 2003) produced by the University of Oklahoma
not appear to have a significant effect on contrail occurrenceCenter for Analysis and Prediction of Storms, currently pro-
vide those variables at the resolutions necessary to diagnose
persistent contrail formation over the United States of Amer-
ica.

1 Introduction

The basic thermodynamics of contrail formation from jet
Contrail-induced cloud cover has the potential to produceexhaust was described by Schmidt/Appleman theory (Schu-
significant regional effects on climate (Minnis et al., 2004). mann, 1996), which has been modified more recently to ac-
As air traffic increases, the possibility for globally signifi- count for the effects of jet aircraft efficiency. This theory
cant impacts also rises. Although these impacts, such as ralescribes the temperature and pressure conditions necessary
diative forcing, have been estimated using general circulato allow the isobaric mixing of the hot, moist exhaust gases
tion models (GCMs) (Marquart and Mayer, 2002; Hansen etwith the cold ambient air to form a contrail. The formation
al., 2005), their magnitudes remain highly uncertain becausef persistent contrails occurs when the relative humidity with
respect to ice (RHI) reaches or exceeds 100%. A review of
the historical development of the theory and its experimental

Correspondence td. P. Duda verification is given in Schumann (1996). NWAs, however,
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2 Data and methodology

GLOBE contrail-reporting schools and cumulative commercial aircraft flight lengths

Two independent types of contrail observations are used to
evaluate the NWA models. Satellite data can reveal con-
trails above lower level clouds that are missed by surface ob-
servers, but are biased, on average, toward lower occurrence
rates. Surface observers can provide more reliable contrail
observations and detect some of the thinner contrails missed
by the satellite.

2.1 Surface data

The Global Learning and Observations to Benefit the Envi-
ronment (GLOBE) program collects observations of cloud
occurrence and coverage throughout the contiguous United
States (CONUS) from primary and secondary schools across
Fig. 1. Distribution of hourly mean cumulative flight lengths (in the country. (See www.globe.gov for more information about

km) for all commercial flights with altitudes between 7 and 15km theé GLOBE program.) In May 2003, GLOBE initiated &
for each k1 degree grid box for the time period between 15:00 contrail observation protocol to measure and classify con-
and 20:00 UTC during November 2004 (see Garber et al., 2005)trail observations. A primary goal of the GLOBE program
The crosses and plus signs indicate all GLOBE locations reportis to use detailed written protocols to enable students to pro-
ing contrail observations between April 2004 and June 2005. Thevide scientifically valuable measurements of environmental
small white crosses represent locations with 30 or fewer total ob-parameters (Brooks and Mims, 2001). Over 18500 obser-
servations, while the larger white crosses are locations with morgations were reported over the region between 1 April 2004
than 30 total observations. The black plus signs denote locationg,nq 27 june 2005. The observations usually include con-
with more than 50 observation; taken during mostly clear (cloudtrail coverage, contrail number, cloud coverage, cloud type
coverage less than 25%) conditions. o N .

and a classification of contrails into three categories, short-

lived (SHRT), non-spreading persistent contrails (NSPR),

(UTH) due to large dry biases in the balloon soundings usedNd spreading persistent contrails (SPRD). The contrail cat-
to construct the analyses and to internal adjustments made fo90ries are defined as follows: short-lived contrails are con-
meet the model’s physical constraints (Minnis et al., 2005b).trails that dissipate as the aircraft moves across the sky. Per-
Although this dry bias prevents a straightforward determina—s'_Ste”t contrails are cont_ralls that remain in the sky fafter the
tion of persistent contrail formation via Schmidt/Appleman &ircraft has flown out of view of the observer. Spreading con-
theory, such a dry bias might be correctable if the numericaiirails are defined as persistent contrails wider than the width

weather humidity data can be shown to be consistent with th@f @ finger held at arm's length. This width corresponds to a

appearance or non-appearance of contrails. Thus, one outontrail that is 2 degrees of arc wide, or at least 350 m wide

standing problem that must be addressed before a realisti?@5€d on a contrail altitude of 10km) (O'Shea, 1991), which

simulation of contrails can be achieved is to determine how'S the minimum width expected to be detectable in NOAAs

accurately the meteorological data provided by the numericaf‘dvanced Very High Resolution Radiometer (AVHRR) im-
weather analyses and forecasts diagnose contrail formatiof9€ry: The cloud coverage observations are reported within
conditions. six categories based on total coverage of non-contrail cloudi-

This paper evaluates the potential for using the RUC and€SS: no clouds (0% coverage), clear (1-9% coverage), iso-

ARPS models to diagnose and predict persistent contrail forlated (10-24% coverage), scattered (25-49% coverage), bro-

mation conditions using a variety of datasets. To achievek€n (50-89% coverage) and overcast (90-100% coverage).
that goal, we match several months of contrail occurrence The GLOBE contrail dataset contains observations from

statistics derived from satellite and surface observations t¢t17 schools. The schools are mostly located in highly pop-
the NWA-derived humidity, vertical velocity, wind shear and ulated regions with substantial air traffic (Fig. 1). Only 123

atmospheric stability. The relationships between contrail oc-0f the schools (29.5%) reported more than 30 observations
currence and the NWA-derived statistics are then analyzed t§uring the 15-month time period, but those schools reported

determine under which atmospheric conditions the formation!6 008 observations, 86.5% of the total. Nearly all schools
of persistent contrails is favored. reported only one observation/day. Approximately 92% of

all observations were between 14:30 and 20:30 UTC, and

nearly 58% of the total were between 16:30 and 18:30 UTC.
To test the quality of the surface-based observations, the

set of 11 schools that had at least 50 observations taken under

[ e | | ]
0. 500. 1000. 1500. 2000. 2500. 3000. 3500. 4000. 4500. 5000. 5500. 6000. 6500.

Atmos. Chem. Phys., 9, 1357364 2009 www.atmos-chem-phys.net/9/1357/2009/



D. P. Duda et al.: Relating observations of contrail persistence to numerical 1359

Table 1. Mean of the maximum upper tropospheric relative humidities (in percent) with respect to ice (RHI) collocated with 11 GLOBE sur-
face observation locations under mostly clear skies between April 2004 and June 2005 (number of observations in parentheses). Observation
are sorted into four categories based on detection of contrail occurrence by surface and satellite.

Location Lat Lon A: Surface (Y) B:Surface (N) C: Surface (Y) D: Surface(N)
Satellite (Y) Satellite (Y) Satellite (N) Satellite (N)
Mobile, AL 30.70N—88.05W 86.91 (8) 84.09 (5) 54.10 (3) 42.96 (48)
Fayetteville, NC 35.05N-78.59W 77.47 (8) 79.31 (5) 81.00 (4) 38,94 (18)
Norfork, AR 36.20N—-92.27W 76.35 (6) —(0) 40.65 (22) 38.09 (25)
Mountain Home, AR 36.24N-92.32W 73.43 (6) 74.01 (2) 38.03 (19) 39.94 (17)
Hartland, ME 44.88N-69.45W 86.58 (4) 80.42 (1) 63.16 (2) 46.01 (13)
Placerville, CA 38.78 N-120.89 W 96.20 (18) 64.38 (3) 31.44 (3) 37.80 (11)
Tucson, AZ 32.17N-110.44W -(0) —-(0) 39.15(2) 43.64 (21)
Waynesboro, PA 39.75N77.57W 96.40 (2) —(0) 25.57 (1) 53.32 (15)
Box Elder, MT 48.29 N-109.87 W 84.29 (1) 74.41 (3) 70.58 (2) 86.86 (10)
Whitehall, Ml 43.38N—-86.32W 92.99 (5) 94.52 (6) —-(0) 70.59 (24)
Washington, DC 38.56 N-77.01W 94.96 (12) 94.92 (2) 57.17 (12) 54.36 (10)
Total 88.19 (70) 82.51 (27) 46.50 (70) 48.26 (212)

mostly clear skies (non-contrail cloud coverage less tharARPS RHI for category A observations was 88.2%, while
25%) were chosen for closer study. Because these schootbe mean ARPS RHI was only 48.3% when both observa-
provided multiple observations throughout the period, we ex-tions showed no contrails (category D). It is important to
pect that these locations would be more likely to provide note some differences between surface-based and satellite-
high quality contrail observations among the GLOBE par- based observations. Surface observers often miss contrails
ticipants than locations with few contrail reports. Figure 1 forming above lower cloudiness (although by choosing only
shows the location of the 11 schools as a large black plusnostly clear observations, this type of error should be min-
(+) sign. All schools with the exception of Box Elder, Mon- imal here), misidentify linear cloud features as contrails (or
tana are located in regions with substantial commercial aircontrails as cloud streaks), or record the observation incor-
traffic during the typical observation period. From theserectly in the contrail report. Cloud cover and the misidenti-
schools, a uniformly random sample of 379 GLOBE con- fication of cloud streets as contrails also hamper the visual
trail observations were compared with observations of con-detection of persistent contrails in the GOES satellite im-
trail occurrence determined by visual inspection of loopsagery loops. Surface observers, however, can detect much
of nearly coincident, multi-spectral Geostationary Opera-narrower and probably optically thinner contrails than those
tional Environmental Satellite (GOES) imagery (Minnis et seen in the 4-km resolution GOES satellite imagery. Some
al., 2008). The comparison between surface and satellit®f the cases where observers reported contrail coverage not
observations is summarized in Table 1, where the observaseen in the satellite (category C) may have been due to the
tions are sorted into four categories. Category A indicatesobservation of non-spreading persistent contrails that could
that both the surface and satellite observations detected comot be detected in the GOES imagery loops. In addition,
trails, while category D shows the cases where both metheover 75% of the category C reports occurred at only three
ods detected no contrails. Category B includes the occasionschools. Due to an ambiguity in the GLOBE contrail report-
when contrail occurrence was detected by satellite but notng form, some schools may have reported short-lived con-
reported by the student observers, and category C includéails in the contrail coverage fractions, leading to the large
the observations when the surface observer reported persisumber of category C reports for those locations. The lack
tent contrails while none were apparent in the satellite im-of any substantial difference in the ARPS RHI between cat-
agery. The surface and satellite observations matched nearkygories C and D at the three schools supports the possibility
75% of the time (categories A and D), while 18% of the of this type of error.

observations were in category C, and the remaining 7% of

observations were in category B. As a test of the integrity2.2 Satellite data

of the surface and satellite observations, the maximum rela-

tive humidity with respect to ice (RHI) within the upper tro- \jy|ti-spectral data from the AVHRR onboard theAA-16
posphere (between 150 and 400 hPa) was determined fromatellite were used to identify linear contrails (Lee, 1989)
the ARPS analyses for each observation, and the mean fqg|lowing the contrail detection algorithm of Mannstein et
each observation category is presented in Table 1. The mea§) (1999) as applied by Palikonda et al. (2005). The
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Mannstein et al. (1999) algorithm uses a combinationThe RHI is computed from the ARPS fields of potential tem-
of channel 4 (10.8tm) and channel 5 (12.@m) radi- perature and specific humidity at the 25-hPa intervals to de-
ances to identify contrails. Radiance data were collectedermine the level of maximum upper tropospheric humidity.
from 366 mid-afternoon overpasses of the satellite between To compare NWA output with the satellite observations,
16 April 2004 and 27 June 2005 within ax& degree grid  contrail and cirrus occurrence statistics are derived for each
box over eastern Ohio/western Pennsylvania/West Virginial x 1 degree grid box within thex46 degree observation do-
(38°-42 N; 78°-84 W), an area selected because of its main. Contrail occurrence is determined for each grid box
heavy commercial air traffic (Garber et al., 2005). During from the automated linear contrail detection algorithm while
the observation period, contrails were detected within 43.3%cirrus occurrence is determined by visual inspection of in-
of all available grid boxes, while cirrus was detected within frared imagery from each satellite overpass. Meteorological
47.7% of the available grid boxes. Minnis et al. (2005a) data (including RHI, vertical velocity, wind shear and atmo-
and Palikonda et al. (2005) found that the technique tends tgpheric lapse rate) from the RUC and ARPS are then linearly
overestimate contrail coverage by 20-40% mainly becausénterpolated to the center of eaclk 1 degree box within the

of natural cirrus that appears much like contrails. domain to correlate the meteorological data with the occur-
rence of contrails and cirrus. Due to gaps in available me-
2.3 Meteorological data teorological data, and to the satellite viewing angle require-

ments for the contrail detection method, only 5400 grid box

Meteorological data from the high-resolution, hourly RUC- matches were available during the observation period.
20 analyses and ARPS analyses and forecasts provide infor-

mation on temperature, humidity, pressure, and vertical ve-
locity that is matched with each of the surface and satellite3 Results
observations. The RUC-20 data have a resolution of 20 km,
while the ARPS data were obtained from the 27-km resolu-3.1  Comparison of NWA output with surface observations
tion, hourly CONUS domain analyses. The ARPS forecasts
are 1-day (16-20 h) , 2-day (40-44 h), and 3-day (64-68 h)Contrail coverage was reported in 27.0% of a total of 18 504
forecasts from 16:00 UTC to 20:00 UTC. surface observations. At least one persistent (either spread-
To match the surface and meteorological data, data froming or non-spreading) contrail was reported in 17.0% of the
the RUC analyses closest in time with the contrail observa-observations. This frequency is slightly higher than Min-
tions are bi-linearly interpolated to the location of each ob-nis et al. (1993) for the period of highest contrail occur-
servation. An observation is not used if the time differencerence, 1993-1994: 15.2% for unobscured skies. Most of
between the observation and the RUC analysis was greatehe GLOBE data (80.1%) were taken during the non-summer
than 1 h. The level between 400 and 150 hPa with the maxmonths when contrail coverage is greater. Similar to the US
imum relative humidity with respect to ice (Ridx) is de-  Air Force observers in the Minnis et al. study, the high-
termined from all levels (spaced at every 25hPa) that haveest contrail frequencies were reported from October through
a temperature less than or equaltd0°C. The tempera-  April (18.8%), while the lowest contrail frequencies were re-
ture constraint was added to eliminate areas where the atmgorted from June through September (12.0%). Most of the
sphere is likely to be too warm to form contrails (Appleman, persistent contrail observations (71.3%) were made in partly
1953). Although the observed contrails may have formed atloudy skies (either clear skies, or skies with isolated or scat-
other levels, this level was chosen as the most likely leveltered cloudiness). Table 2 shows the mean value of,RHI
for contrail formation, and to provide a consistent represen-alculated from the collocated RUC and ARPS analyses for
tation of humidity at typical commercial aircraft flight levels. several cloudiness categories.

The probability distribution function of the level of Ridix The increase in RH|ax with increasing cloud coverage
is roughly Gaussian in shape for both the RUC and ARPScategory suggests that the GLOBE cloud and contrail obser-
analyses with a maximum around 250 hPa. vations were consistent with the numerical weather output,

All other meteorological data (including vertical velocity) as the largest Riax values occurred when overcast skies
are selected from this level for comparison with the surfacewere reported. Although most persistent contrails were ob-
observations of contrail occurrence. The vertical shear ofserved under partly cloudy conditions, the RHIs computed
the horizontal wind and the temperature lapse rate for theby both numerical weather analyses were higher when per-
25-hPa layer below the level of maximum RHI are also com-sistent contrails formed than when partly cloudy conditions
puted. The vertical velocity, the lapse rate (a measure of thavere reported. Table 2 shows that persistent contrails form
atmospheric stability) and the vertical shear are expected tas expected in high humidity environments, although a com-
influence the spreading rate of persistent contrails (Jensen @tarison between the mean Rkdk for persistent contrails
al., 1998). (the category NSPR+SPRD) with the minimum RHI required

A similar procedure is used to match the ARPS upper tro-by the Schmidt/Appleman criteria (100%) demonstrates that
pospheric data with the surface-based contrail observationsoth models show a dry bias of at least 15 to 38% when
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Table 2. Mean and standard deviation (in parentheses) of the maximum upper tropospheric relative humidities (in percent) with respect to
ice (RHI) from RUC and ARPS analyses and from ARPS 1-day, 2-day and 3-day forecasts collocated with GLOBE surface observations
between 1 April 2004 and 27 June 2005. The number of GLOBE observations that were matched to the RUC (R obs.) and ARPS (A obs.)
analyses for each cloudiness category are also included. The lines in the table indicating contrails are presented in bold print.

Robs. RUC Aobs. ARPS 1-day 2-day 3-day
No cloud 1783  33.78(21.4) 1355 51.83(22.2) 47.61(21.8) 57.14(22.4) 59.54(23.9)
Clear 2661  46.32(25.0) 2178  65.73(26.1) 60.18(25.4) 67.63(23.9) 68.20(23.8)
SHRT only 1302  47.03(24.8) 1116  67.08(23.4) 61.78(24.7) 69.50(22.1) 70.40 (22.7)
Isolated 2017 51.72(26.2) 1655 71.32(25.6) 65.25(25.3) 70.62(24.3) 70.91(24.3)
Scattered 3168 53.87(26.6) 2624  72.17(28.2) 66.25(26.5) 70.90(24.6) 70.35 (24.6)
Cirrus 4472  57.63(25.7) 3676  78.03(25.2) 71.62(24.2) 74.79(22.4) 73.73(23.0)
Broken 3433  59.03(27.0) 2902  77.76(27.4) 70.61(26.9) 72.99 (24.9) 72.20(25.4)
NSPR only 892 62.18 (24.6) 735 82.57 (24.6) 75.88(20.9) 77.80(20.4) 75.45(23.1)
NSPR + SPRD 2294  62.27 (24.9) 1895  84.66(22.4) 77.58(20.8) 79.13(20.2) 77.19(22.0)
SPRD only 1001  62.08 (25.4) 834 85.59 (22.7) 77.54(21.1) 79.35(20.7) 77.79(21.3)
Overcast 5060 65.85(27.5) 4247  85.63(27.5) 74.43(26.8) 73.94(26.4) 71.48(27.1)

compared to contrail formation theory. The contrail obser- _ I 1 .
. . . - Table 3. Mean vertical velocity in cms* (vv), mean vertical shear
vations with the highest average Rkdk conditions occurred . ARG S| ;
. . . of the horizontal wind in ms*km™* (vs), and mean lapse rate in
V\{hen_ persistent spreading contra|ls. were present. The d_rk km~L (I) computed from RUC and ARPS analyses collocated
bias is expected as both models limit upper tropospheriyi GLOBE surface observations between April 1, 2004 and June

moisture. Even though ice supersaturation is common in the7, 2005. The lines in the table indicating contrails are presented in
upper troposphere and RHI has been measured to be as higlid print.

as 150% (e.g., Miloshevich et al., 2001), both the RUC and

the ARPS analyses contain at most only slight ice supersat- wemsDh  vsmslkm b  Ir(Kkm-D
urations which likely appear incidentally as the result of nu- RUC ARPS RUC ARPS RUC  ARPS
merical issues. The RUC-20 analyses do not allow RHI t0  No cloud 116 -0.66 394 3.42 _6.77 —6.00
exceed 100% by more than a few percent at pressures below Clear -0.71 -053 4.10 3.66 —-7.01 -6.43
300 hPa. The RUC-20 mean value of RHI for overcast clouds SHRTon - —056 —057 3.8% 355 720 ~6.59
is ~15% less than that found by Minnis et al. (2005b) when  gcattered +0.04 —031 411 360 707 —685
comparing RUC-2 RHI with clouds having temperatures be- Cirrus +0.11 -0.15 412 3.73 —-7.24 -7.02
low —40°C. This difference reflects the change in upper tro-  Broken +0.81  +020 422 379  -714 -7.06
NSPR only +0.50 +0.05 422 370  -7.33 —7.07

pospheric humidity processing scheme between RUC-2 and ygpr+ SPRD 4037 4010 418 3.66 735 —7.18

RUC-20 to limit RHI artificially in the RUC-20. The ARPS SPRD only +0.31 +0.19 414 366  -7.34 -7.28

analyses allow some ice supersaturation, although RHI val- Overcast +2.05 +1.04 457 422 724 -7.19

ues rarely exceed 112%. No ice supersaturation occurs in the

ARPS forecasts; the maximum RHI is only 100 percent. This

difference between the analyses and forecasts could account

for the marked drop in the RHI values in the forecasts showndepth of persistent contrails. Contrails are expected to be

in Table 2. thicker vertically as the magnitude of the lapse rate increases
Table 3 shows the mean values of vertical velocity (wv), (i.€., the atmosphere becomes less stable). Although Table 3

vertical wind shear (vs), and atmospheric lapse rate (Ir) fromshows that the largest mean lapse rates occur in both the RUC

the RUC and ARPS collocated with the surface contrail ob-and ARPS analyses when spreading persistent contrails are

servations from GLOBE. Although most persistent contrails 'eported, the differences in the lapse rate are not large enough

were reported under partly cloudy conditions, the RUC andto be statistically significant.

ARPS vertical velocities were larger than the mean vertical

velocities reported under such cloudiness conditions. Wher3.2 Comparison of NWA output with satellite observations

persistent contrails were present, the vertical shear of the hor-

izontal wind was similar to the shear analyzed under typ-Figure 2 presents normalized probability density histograms

ical partly cloudy conditions. The temperature lapse rateof RHI computed using thex1 degree grid boxes from the

at the level of maximum RHI indicates the stability of the satellite overpasses. In Fig. 2a, RHI values from the RUC

atmosphere where contrails form, and helps determine thand ARPS models are separated into grid boxes containing
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Apr 2004--Jun 2005 NOAA-16 obs. (over OH/PA/WV)
T T T T T

Apr 2004--Jun 2005 NOAA-16 obs. (over OH/PA/WV)
T T T T T

RUC - no sontrails 1 e RUC - N0 sitrus : :

------ RUC - contrails : =====: RUC-cirrus { ]
——— ARPS - no contrails ARPS - no cirrus | i

015f ———— ARPS - contrails | 015f — ——— ARPS-cimus { -
{ -

Relative frequency of occurrence
Relative frequency of occurrence

100 120

40 60 80 100 Relative Hamidity with rospect to ice - R | t
Relative Humidity with respect to ice - RHI {percent) elative Humidity with respect to ice - (percent)

Fig. 2a. Normalized probability distributions of relative humidity Fig. 2b. Normalized probability distributions of relative humidity
with respect to ice (RHI) computed from RUC and ARPS anal- with respect to ice (RHI) computed from RUC and ARPS analyses
yses collocated with NOAA-16 observations of the occurrence orcollocated with NOAA-16 observations of the occurrence or non-
non-occurrence of persistent contrails between 1 April 2004 andoccurrence of cirrus between 1 April 2004 and 27 June 2005.

27 June 2005.

Table 4. Optimum RHI-based ARPS and RUC forecast skill statis- where the RHI is at or above the threshold and cloud is ob-

tics dﬁtenrmur;e:igarlmp’i)l,x\}lrfsm?is?rrer:zrétg OItC'rr;”s snci'lc‘:”tra" served in the grid box (hits} is the number of cases where
occurrence 1o egion o allernoon overpasseSp iy is at or above the threshold but no cloud is observed

f 16 April 2004 to 27 J 2005. . .
rom pri © tne (false alarms)¢ is the number of cases where RHI is below
the threshold but a cloud is observed (misses); &mglthe

Cirrus Optimum RHI  Hit Rate Bias Ratio HSS .
number of cases where RHI is below the threshold and no

ARPS 78 0779  0.967 0.556 : P :
RUC 62 0.756 1004 0512 cloud is qbserved (correct rejections). The three skill mea-
ARPS 1-day forecast 76 0.732 0.960 0461  SuUresare:
ARPS 2-day forecast 76 0.632 1.092 0.265 Hit rate. The hit rate is ¢+d)/(a+b+c+d), and repre-
’éff;rsaﬁ'day forecast 80 0552 0933 0097 sents the percentage of forecasts in which the method cor-
ARPS 74 0.614 1.159 0.228 rectly predicted the observed event.
iggs ey 6270 0-(;586913 1-11016‘316 0-372?27 Bias ratio. The bias ratio is computed from-£b)/(a+c),

-day forecast . . . _
ARPS 2-day forecast 77 0.572 1123 o143 and measures the tendency of a forecast _methoq to over
ARPS 3-day forecast 80 0.545 0.985 0075 or under-forecast the occurrence of contrails or cirrus. A

perfectly unbiased method would have a bias ratio of 1.00,
while values below unity indicate that the cirrus/contrail oc-
currence is under-forecasted, and values above unity indicate
contrails (dashed lines) and boxes with no contrails (solidthat cirrus/contrail occurrence is over-forecasted.
lines). The contrail distributions are skewed toward higher Heidke Skill Score(HSS). The HSS is calculated
RHI values, but the “no contrail” distributions are relatively as HSS=24d-bc)/[(a+c)(c+d)—(a+Db)(b+d)] (see Wilks,
uniform. The distributions in Fig. 2b, which are separated1995). This measure of forecasting skill compares the hit
by the presence or absence of cirrus, show a clear distincrate of the forecast method with the hit rate achieved with a
tion in the humidity between the cirrus and non-cirrus grid random forecast. Perfect forecasts have an HSS of one, fore-
boxes. Figure 2b suggests that the NWAs may be better atasts equal in skill to the random forecast have an HSS of
predicting cirrus than contrail occurrence. The demarcatiorzero, while a negative HSS indicates that the forecasts are
seen in Fig. 2b suggests that for the ARPS analyses, a simess skillful than random forecasts.
ple threshold near 75% RHI would accurately predict cirrus Table 4 shows the hit rate, bias ratio and HSS computed
occurrences while for the RUC analyses the best thresholdor the best-case RHI threshold chosen for each NWP analy-
would be between 60 and 65%. sis/forecast for both cirrus and contrail occurrence. The opti-
To assess the skill level of such an RHI-based forecastmal RHI for each case was determined by finding the partic-
three measures of forecasting skill were computed. The skilular RHI threshold that maximizes HSS. The HSS-optimized
scores were constructed using a simple 2-by-2 forecast mahresholds also tended to have the highest hit rates, and the
trix with the following outcomesu is the number of cases bias ratios usually were close to 1.00.
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To test the significance of the HSS in the contrail casespear when the vertical velocities are positive than when nega-
(compared to a random forecast), the variance of HSS withirtive. Although both vertical shear and atmospheric lapse rate
1000 series of random contrail predictions were comparedrobably influence contrail spreading, these two variables ap-
to the HSS computed for the contrail cases. For each sepear to be less important in determining whether contrails
ries, random contrail predictions were determined for eachwill spread than the other factors. It is likely that sufficient
satellite grid box using uniformly distributed random num- UTH and positive vertical velocities help to make contrails
bers and the mean contrail occurrence within the grid boxesleep enough and long-lived so that the wind shear can spread
(approximately 0.46). The HSS of the random forecasts werehe clouds. Another result of this study is that the upper tro-
computed for each series, and the distribution of HSS for thepospheric RHI in the RUC/ARPS analyses correlates well
1000 runs were plotted to determine the variance of the HSSwith satellite observations of cirrus (probably due to the as-
The variance of HSS in the random forecasts is a function ofsimilation of cirrus coverage in the models), but the prog-
the total number of contrail forecasts (i.e., grid boxes) within nosis of contrails from relative humidity analyses is com-
a series. For the RUC and ARPS analyses (5401 grid boxesplicated by the occasional lack of contrail formation when
the HSS was no more than +0.050 and no less thai®43.  UTH is high. This may be the result of cirrus clouds com-
The ARPS 3-day forecasts had the smallest number of availpeting with contrails for atmospheric moisture and obscuring
able grid boxes (2385), so that the range in HSS for the ranthe detection of any contrails that formed. It might also be
dom 3-day forecasts ranged from +0.067410.053. We ex-  due to errors in the UTH diagnosed by the models, or sim-
pect that the HSS in all of the contrail cases (except perhapply to the lack of jet air traffic in the region. Other factors
the 3-day forecasts, which had an HSS equal to 0.075) ar¢hat can affect the determination of contrails or cirrus from
beyond at least three times the standard deviation of the HS8SIWAs are input data such as satellite radiances or cloud-
in the random forecasts, and thus are statistically significanttop heights. Inclusion of those parameters into the numer-

As might be expected based on an inspection of Fig. 2, thécal weather assimilation can, in many instances, force the
cirrus occurrence forecasts were much better than the contraihodel to increase or decrease the UTH to match the obser-
occurrence forecasts for both analyses. Because cirrus andgtions resulting in the relatively good diagnoses of cirrus-
contrails can only form in supersaturated regions, the optimarelated parameters seen here. However, such data are avail-
RHI should be at least 100%. Thus, both the RUC and theable only in an analysis model and would only contribute to
ARPS have a dry bias. Some dry bias is expected becaudte diagnoses in a forecast model indirectly by improving the
the model analyses produce a grid average relative humidityorecast. A comparison of the forecast skill statistics in Ta-
such that the model would have an RHI of 100% only whenble 4 shows that the simple RHI threshold model loses much
the entire grid box were covered in clouds, which usually forecast skill in predicting cirrus occurrence after 24 h.
does not occur when persistent contrails are observed from Because the intent of this paper is to demonstrate the over-
the surface. The difference in the skill scores between theall applicability of NWA data to predict contrail occurrence,
RUC and ARPS analyses is not as large as the difference ino consideration is given here to the spatial or seasonal vari-
the cirrus skill scores compared to the contrail skill scores.ations in these atmospheric variables. More insight may be
The higher cirrus skill scores suggest that the model analysegained in future studies by looking at spatial or seasonal dif-
do a better job representing the areas of UTH associated witferences in the contrail occurrence data.
cirrus than regions where persistent contrails appear. This Although the meteorological data within the RUC and
may be related to the difficulty of the RUC and ARPS to ARPS analyses are qualitatively consistent with con-
assimilate contrail observations in their analyses. trail formation theory, direct quantitative agreement with

Schmidt/Appleman theory is not currently possible due to

the artificial upper limits placed on UTH in both analyses.
4 Discussion and conclusions This arbitrary cutoff of supersaturation removes information

about the humidity field that prevents a straightforward appli-
The results in Table 2 confirm that relative humidity is cation of Schmidt/Appleman theory, which requires accurate
the most important factor determining whether contrails aretemperature and relative humidity data. The results of Ta-
short-lived or persistent. Although most surface observationsle 4 demonstrate that forecast models based on RUC/ARPS
of contrails occur in clear or partly cloudy skies, the UTH humidity alone have limited skill in diagnosing contrail oc-
observed when persistent contrails form is typically muchcurrence. Despite these results, the humidity data do show
higher than the average humidities observed under partlsome consistency with persistent contrail occurrence, and it
cloudy conditions, or when only short-lived contrails are re- is likely that contrail forecasts could be improved by using
ported. In contrast, the RHI values reported when spreadingogistic regression (Jackson et al., 2001; Travis et al., 1997)
persistent contrails are observed are nearly the same as the other statistical methods that can include several meteoro-
RHI when non-spreading persistent contrails are reported. logical parameters in the prognosis. We plan such a multi-

Vertical velocity also appears to influence where persistenwariable analysis in an ongoing study. In addition, Burkhardt
contrails may form. Persistent contrails are more likely to ap-et al. (2008) used assumptions about the subgrid variability in
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relative humidity in a general circulation model (ECHAM4) Jensen, E. J., Ackerman, A. S., Stevens, D. E., Toon, O. B., and
to diagnose contrail coverage without explicitly represent-  Minnis, P.: Spreading and growth of contrails in a sheared envi-
ing ice supersaturation in the model. Such a method could ronment, J. Geophys. Res., 103, 31557-31567, 1998.

be useful in determining contrail occurrence and coveragd-€e; T- F.: Jet contrail identification using the AVHRR infrared split
within the RUC and ARPS analyses. However, we caution a\ll\rlnlrr:gtc()e\?rlwi JHAiﬁgyhélretlgorglrllaz\?\;ei?jﬁsgg,'1g§2|.rational detection
that be.c"’Tuse uppe.r tropospherlc humldlty s the ”.‘a'” fa(.:toM of contrails from NOAA-AVHRR data, Intl. J. Remote Sens., 20,
determining contrail formation, contrail forecasts will remain 1641-1660, 1999.

_SomeWhat "m'te‘?' n .ac,curacy until apcurate ass_'m”atlon OfMarquart, S. and Mayer, B.: Towards a reliable GCM estimation
ice supersaturation is incorporated into numerical weather ¢ contrail radiative forcing, Geophys. Res. Lett., 29(8), 1179,
analyses and models. Some current numerical weather pre- (oi:10.1029/2001GL014075, 2002.

diction models such as the ECMWF IFS (Integrated Fore-Miloshevich, L. M., V®mel, H., Paukkunen, A., Heymsfield, A.
casting System) model now include supersaturation over the J., and Oltmans, S. J.. Characterization and correction of rela-
ice phase explicitly (Thompkins et al., 2007), and it is en- tive humidity measurements from Vaisala RS80-A radiosondes
couraging that the latest versions of both the RUC and the at cold temperatures, J. Atmos. Oceanic Technol., 18, 135-156,
ARPS at the time of this writing are now producing signif- 2001 _
icantly greater levels of ice supersaturation than were availMinnis, P., Ayers, J. K., Nordeen, M. L., and Weaver, S. P.: Contrail

. - . . . frequency over the United States from surface observations. J.
able for comparisons with the observations used in this study. Climate, 16, 3447—3462, 2003,
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