IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 46, NO. 2, FEBRUARY 2008 409

Adjusting for Long-Term Anomalous Trends in
NOAA's Global Vegetation Index Data Sets

Le Jiang, J. Dan Tarpley, Kenneth E. Mitchell, Sisong Zhou, Felix N. Kogan, and Wei Guo

Abstract—The weekly 0.144 resolution global vegetation in-
dex from the National Oceanic and Atmospheric Administration
(NOAA) National Environmental Satellite, Data, and Information
Service (NESDIS) has a long history, starting late 1981, and
has included data derived from Advanced Very High Resolu-
tion Radiometer (AVHRR) sensors onboard NOAA-7, -9, -11,
-14, -16, -17, and -18 satellites. Even after postlaunch calibra-
tion and mathematical smoothing and filtering of the normal-
ized difference vegetation index (NDVI) derived from AVHRR
visible and near-infrared channels, the time series of global
smoothed NDVI (SMN) still has apparent discontinuities and
biases due to sensor degradation, orbital drift [equator crossing
time (ECT)], and differences from instrument to instrument in
band response functions. To meet the needs of the operational
weather and climate modeling and monitoring community for
a stable long-term global NDVI data set, we investigated ad-
justments to substantially reduce the bias of the weekly global
SMN series by simple and efficient algorithms that require a
minimum number of assumptions about the statistical properties
of the interannual global vegetation changes. Of the algorithms
tested, we found the adjusted cumulative distribution function
(ACDF) method to be a well-balanced approach that effectively
eliminated most of the long-term global-scale interannual trend of
AVHRR NDVI. Improvements to the global and regional NDVI
data stability have been demonstrated by the results of ACDF-
adjusted data set evaluated at a global scale, on major land
classes, with relevance to satellite ECT, at major continental
regions, and at regional drought detection applications.

Index Terms—Advanced Very High Resolution Radiometer
(AVHRR), land surface, normalized difference vegetation index
(NDVI), remote sensing, satellite-based vegetation, vegetation
index.

|. INTRODUCTION

HE WEEKLY global vegetation index (GVI) at 0.144

resolution developed and maintained by the National
Oceanic and Atmospheric Administration (NOAA) National
Environmental Satellite, Data, and Information Service
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Although the NOAA GVI2 data sets and derived products are
used to monitor global and regional vegetation conditions and
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processed will not address issues related to global warming amqutiate product” is seven weeks behind real time, whereas
global-scale surface vegetation trend over the past two decadastial early product” is generated for just the past week. In this
Nevertheless, regional-scale vegetation anomaly studies arepagter, if no explicit explanation is provided, we use “NDVI”
affected. Further discussion on this issue will be provided to mean “SMN.”
Section IV. The adjusted global NDVI data sets should be As shown in Fig. 1, the time series of 1) global maximum
interpreted as the top of atmosphere (TOA) quantities. NDVI (which compose of the maximum single-pixel NDVI
Section Il describes the characteristics of the AVHRR datalue from each week’s global NDVI map); 2) mean of top 1%
(in Section II-A), the necessity of a benchmark weekly NDVNDVI value; and 3) global NDVI standard deviation are plotted.
climatology (in Section 1I-B), and a variety of single-step apfhe curve of global minimum NDVI value is not shown since
proaches as well as combinational approaches (in Section II-&)s very close to zero and uniform over time. Obviously, the
The results of different approaches are evaluated and companegtkly global mean NDVI of the earlier satellites of NOAA-7
to each other in Section Ill, which also includes the evaluatiand NOAA-9 are lower than those of NOAA-11, -14, and -16.
with respect to regional droughts. Section IV provides a furth@he abnormally low mean annual value of NDVI in 1988
discussion on the pros and cons of the adjustment approacivas due to the serious degradation of NOAA-9 as well as
investigated in this paper. Section V concludes this paper. the very late local time of observation (e.g., 4~%.). The
abnormally low annual values of NDVI near the end of 1994 to
the beginning of 1995 was due to the substitution of NOAA-9
. APPROACHES TOADJUST THELONG-TERM for NOAA-11 (which was already in serious degradation) just
ANOMALOUS TRENDS IN GLOBAL NDVI D ATA SETS to operationally continue the time series.

A. Data Description

GVI2 data sets are composed of data from NOAA-7 (wee%
35 of 1981 to week 14 of 1985), NOAA-9 (week 15 of 1985 to
week 44 of 1988, as well as week 37 of 1994 to week 6 of 19950verall, the global maximum NDVI in each weekly map
when NOAA-11 data were not reliable), NOAA-11 (week 4%epresents the Earth’s “greenest” vegetation in a proxy sense,
of 1988 to week 36 of 1994), NOAA-14 (week 7 of 1995 taegardless of the seasonal cycles in different latitude or climate
week 52 of 2000), NOAA-16 (week 1 of 2001 to week 11 ofones. Such value, although its exact pixel location will vary,
2004), NOAA-17 (week 12 of 2004 to week 34 of 2005), andhould be relatively invariant given that fully vegetated areas
NOAA-18 (week 35 of 2005 to present). In this paper, owrlways exist at any given week on Earth. For example, the trop-
sample data sets will include SMN from week 1 of 1982 tiral forests are always covered with nearly full vegetation, given
week 52 of 2003, a total of 22 annual cycles. the abundant rainfall and favorable temperature for vegetation

The best available calibration was applied to the weekly corgrowth in tropical zones, whereas seasonal cycles for other re-
posite AVHRR visible (VIS) and near-infrared (NIR) channelgions of the Earth will have dominant effects. The Northern and
(based on NDVI MVC) using the methods described by R&outhern Hemispheres have reversed seasonal cycles, so when
and Chen [12] for NOAA-7 to NOAA-14 and by Wu [13] one is in winter or pregrowing season, the other will be in sum-
for NOAA-16. After NDVI is calculated from these channelsmer or postgrowing season. For a given tropical forest region,
a temporal smoothing Iter was applied to obtain the SMNhe highest NDVI values may not always be detectable from
series. The smoothing technique was designed as a 15-wsatellite due to frequent and persistent cloud cover. However, it
moving Iter that includes multiple steps (such as gap llingjis unlikely that the whole tropical forested regions of the Earth
ve-week median Itering, and 15-week smoothing using awill be all covered by cloud at any given week. Further, in many
prede ned varying coef cient weighting function). The Iter nontropical regions, when the full vegetated season is reached,
helped to tremendously reduce the high-frequency uctuatiotize maximum NDVI (detected from space) in these regions can
such as those due to cloud and short-term weather changeskg]as large as or larger than those on the tropical forest. These
[14]. The resulting SMN data sets are the subject of our studgctors cause the global maximum value of the observed NDVI
On the other hand, due to the use of the 15-week smoothiingm satellite to be very stable from week to week and from
Iter, the near real-time operational process will have the uryear to year, given the very large total number of pixels over
stable end-of-time-series issue commonly seen in most of tthe Earth’s land surface. Close examination of the weekly max-
smooth Itering techniques. Similar to many other operationamum NDVI (i.e., NDnax ) time series in Fig. 1 shows that this
weather products, this is overcome by distinguishing the rgzdrameter is not always stable as it should be if our reasoning
time products into “initial early product” (which is the earliesbf the “stable global maximum” NDVI above is sound. After
possible product in real time at the end of the smoothing Iterjye further examined the maximum NDVI time series, as we
“nal update product” (which is the best quality product takingexpanded the plot of the same data series in Fig. 1 into 22
full advantage of the smoothing Iter and not further affectednnual cycles, we found that weekly maximum NDVI is rela-
by updated real time data, lying in the middle of the smoothirtyely more stable in years 1989, 1990, 1995 (after week 14),
Iter), and “temporary product” (which lies between the naland 1996-1998. These were the stable performance periods
update product and the initial early product and gets updateiNOAA-11 and NOAA-14, during which the weekly global
each week when new data are processed by the smoothiigVI data have relatively high quality. For all these years,
Iter). Given our design of the 15-week smoothing lter, “ nal the NOAA polar-orbiting satellites have local observation time

. Benchmark NDVI Climatology From Years With High
ata Quality
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TABLE |

LisT oF GLOBAL NDVI ADJUSTMENTAPPROACHESEVALUATED
Approach to be Methodology Description
evaluated
a. and b. Range Re- ND-=ND._. ND~— NDn . Solve NDywithin the context
Scaling (RRS) e 0 0 min (1),  of benchmark climotology

N, Dmax - N Dmin N, DO max ND, 0 min a). Use pixel maximum ND
where for a given week, ND is the known NDVI a8 NDy4;

c. Normalization
(NML)

d. Linear Regression
(LR)

e. Adjusted
Cumulative
Distribution Function
(ACDF)

f. NML+RRS

g. Adjusting Satellite-
By-Satellite
(ASBS)+NML

for a pixel, ND,,. and ND,, are the
maximum and minimum NDVI respectively
within a global map. ND;y . and ND, . are

the maximum and minimum NDVI of the
benchmark global NDVI map for that week.

NDy is therefore the “equivalent” NDVI for
ND within the context of the benchmark map.
ND-ND ND,-ND,
Onp Onp,
where ND and ND,) have the same general

),

meanings as those in Equation (1), ND and

Oyp are the global mean and standard deviation

of NDVT for a certain week in real-time. NDy
and Opp, are the global mean and standard

deviation of the benchmark climatology for that
week.

NDy=a+b-ND (3),
where NI and ND,, interpreted similarly as

before, @ and b are the linear regression
coefficients from the scatter plot of global NDVI
vs. benchmark global NDVT for a certain week
Adjust the problematic weekly global NDVI such
that for a certain week, the adjusted cumulative
distribution function (CDF) or empirical
distribution function (EDF) matches the CDF of
the benchmark (i.e., 6-yr climatology).

NML followed by RRS

Make adjustment satellite-by-satellite, then
further line up values among different satellites
by adjusting the differences among satellites.

b). Use the average of the
top 1% maximum ND as
NDyyax

Solve NDjy within the
context of benchmark
climotology

See Figure 2.

between 1:3CP.M. and 3:00p.M. We selected the above six
years as reference to form the benchmark weekly climatol-
ogy of NDVI. (Additionally, years 2001, 2002, and 2003 of
NOAA-16 data appear also to be good, except for the sys-
tematic yet stable overestimate of NDVI compared to other
years—most likely caused by the narrower AVHRR sensor
spectral bands in the VIS and NIR channels.) Weekly global
SMN from these six years are averaged and used as a bench-
mark for adjusting other years’ data using approaches described
in Section II-C. 2)

C. Approaches

We will evaluate a number of single-step and combinational
approaches. These are highlighted below. Further detailed de-
scriptions of these approaches are provided in Table I.

1) Range rescaling (RRS)—The basic idea of RRS is to
use the weekly global NDVI from a reliable year or
best known short multiyear period (with little trend in  3)
the given NOAA satellite platform) as benchmark data
set, then rescale weekly NDVI in other years within the
proper maximum and minimum NDVI range prescribed

by the benchmark data set. Referring to (1) in Table I,
although the minimum NDVI (NRy,) is very close to
zero (i.e., NDu, = 0.0), we have the option to select
NDgmax and ND,.x as the absolute maximum NDVI
within the weekly global NDVI map, or as the mean
of, for example, top 1% highest NDVI value pixels. The
latter may overcome the statistical limitation of picking
the maximum NDVI value from a single pixel of the
weekly global NDVI map. See Table | for options a and b.
Normalization (NML)—Statistically normalized quanti-
ties from two different sample spaces are often found
to be equivalent to one another when one sample space
is a linear transform of another or vise versa. Assuming
statistically normalized global NDVI is stationary for the
same week of different years, we can use the benchmark
climatology as standard and adjust other years’ weekly
NDVI within the standardized or normalized range. See
option c in Table I.

Linear regression (LR)—This is another straightforward
approach that can transform linearly biased samples to
standard level with the latter given by the benchmark
climatology. See option d in Table I.
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the effects can be seen in the N time series. As
will be described in Section Ill, most of the single-
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T step approaches cannot simultaneously meet both criteria.
: The difference is in the relative extent to which these
- y’ : approaches can meet the above criteria. A combinational
Benchmark CDF Real timeCDp§ approach, which, for example, uses the RRS or NML
\ | 4 ; as a second step, may help x the global NDVI ranges
¢ : after major discrepancies are eliminated in global NDVI
: mean time series.
< AND > 6) Adjusting satellite-by-satellite (SBS) followed by
: NML—One shortcoming of the above simple adjustment
approaches is in the need to use a benchmark of a whole
annual cycle of weekly global NDVI, which comes from
the believed-to-be best climatology from a subset of

Cumulative Percentage

N DOmin ND,  ND N DOmax

Fig. 2. Schematic illustration of the CDF adjustment approach. In the adjust- ~ the 22-year data record. It is expected that the global
ment process, real time global NDVI is adjusted such that the ACDF matches  NDV| after adjustment will be similar to the six-year

the benchmark CDF.

4)

5)

climatology (in terms of global statistical metrics),
which makes it hard for the adjusted data set to detect
Adjusted cumulative distribution function (ACDF)—This any global-scale NDVI trend over the period of record.
approach is to adjust the weekly global NDVI such that Issues with this limitation will be further described in
for a certain week, the ACDF matches the CDF of the ~ Section IV.

ﬁj ZT:;;Q?I;('{&'S’ s;x—year r(]: Il_matolo%y)aA slc:;herr;atllc_:h!l— To eliminate the need for a benchmark weekly NDVI cli-
. . pproach IS provided In Fg. 2. I?natology, an alternative is to make adjustment SBS, then
IS a non_llnear appr(_)ach since dlf_'ferent NDVI Valueﬁjrther line up values among different satellites by adjusting
will be cpfferently ad.JUStEd depc_andlmg on how thg COlthe differences. For example, considering that each satellite
respond|_ng _cumulanve probability in the to'be'adjus'teﬁinderwent initial in- ight stable operation, then drift to a much
data set is different from that of the benchmark. After theyio ECT and sensor degradation in a gradual fashion, we
adjustment, the CDFs are identical for .the weekly g_IOb,%Em assume data from the rst year of each satellite’s stable
NDVI and the benc_hmark. The ur_1der|y|ng_ assur_nphon _l‘?peration have relatively high quality, then adjust the follow-on
that global vegetation for a certain week is stationary ilaars' NDVI values to the same level to that of the rst year.
terms pf total amount and thg ne_t amognt within ea sing a similar equation, as (2) in Table I, but wkiD, and
NDVI'interval. Only the spatial distribution of global ;) “representing the mean and standard deviation of a certain
NDVI may .bg d.|ffer.ent. Con§|der|ng that the h'StO”_CalNeekly global NDVI for the rst year, respectively, ariD
global precipitation is not stationary even at monthly timg 4, ., representing the corresponding metrics for the to-be-
scales, the assumption in this approach may be 100 Strigfisted week in another year, respectively, then the equivalent
in that it eliminates global interannual variations for the py (to the level of the rst year) after adjustment can be
same week of different years. However, the assumpti@sily calculated by this equation. As such, we selected years
has no mechanism to constrain spatial distribution gfggy for NOAA-7, 1986 for NOAA-9, 1989 for NOAA-11,
weekly global NDVI, which is a desirable feature that ggg for NOAA-14, and 2001 for NOAA-16, and made the
allows the adjusted NDVI to be used to reasonably dem&&justment SBS.

local or regional NDVI changes, droughts, or vegetation after such adjustment, different years’ global NDVI data for
stress. Further, the original highs and lows of NDVh same satellite should be at the same level. In other words,
within the weekly global map will not change in a relativeyiobal bias due to the same sensor degradation and orbit drifting
sense, although the absolute magnitudes are adjustgdyone. However, as expected, there will still be discrepancies
The results from the ACDF approach are summarizegnong different satellites after this step due to differences in the
in Section Ill. For other descriptions for this methoddesigned VIS and NIR band sensor response functions as well
see option e in Table I. as the atmospheric contamination effects associated with these
NML followed by RRS—Our criteria to evaluate theresponse functions. A combinational approach, for example,
effects of different approaches are simple: whether anomsing the NML as a second step, may help to remove the major
alous/spurious trends in weekly global NDVI time seriediscrepancies caused by different satellites.

are removed and whether the range of NDVI values Approaches 1), 2), and 3) are essentially linear under the
within a global map is reasonable (e.g., consistent froassumption that the global mean NDVI time series is stationary,
week to week). The rst can be examined by determiningnd the two sample spaces (i.e., real-time weekly global NDVI
if the trend in the global mean NDVI time series has beespace and benchmark weekly global NDVI space) are linearly
removed after adjustment. The second is met if we hawelated. Approach 4) is nonlinear, whereas approaches 5) and
got rid of the variations in the range of NDVI (marked6) are composed of linear steps. Further, all of these approaches
by NDp.x and ND,,, or by the top 1% maximum assume the global stationary property of the weekly NDVI but
ND and ND.;,). Since NDQ,;, is always close to zero, do not constrain the local vegetation spatial variation.
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Fig. 4. Thirteen-class global land surface type map: 1) broadleaf-evergreen
. . L trees (tropical forest); 2) broadleaf-deciduous trees; 3) broadleaf and needle
Fig. 3. Maximum, mean, and standard deviation of global NDVI before andat rees; 4) needle leaf evergreen trees; 5) needle leaf deciduous trees (larch);
after ACDF adjustment. 6) broadleaf trees with ground cover (savanna); 7) short groundcover (in peren-
. RESULTS nial); 8) broadleaf shrubs with perennial ground cover; 9) broadleaf shrubs with
bare soil; 10) tundra (dwarf trees and shrubs with ground cover); 11) bare soil;

A. Results of Different Single and Combinational Approaches ~ 12) cropland (cultivated); and 13) glacial.

For brevity, results for different adjustments described #fe unadjusted curve and has a reduced range of variation.
Section Il are summarized, without presenting numerolisis worthwhile to point out that the statistical properties
gures to demonstrate the details for each case, as follows. ©of the ACDF adjusted global NDVI can be expected as a

« The RRS approach makes the range of NDVI consistef@Sult Of the assumptions we made with the ACDF method.

from year to year as expected. It appears notto x the biddrerefore, the more consistent time series of maximum, mean,
in global mean, either by selecting NR as the absolute OF Standard deviation of the ACDF adjusted NDVI is rather a

maximum NDVI or as the average of the top 1% highedSti cation than a validation criterion, particularly considering
NDVI within the weekly global NDVI map. the known problems and inconsistencies in the unadjusted

« The NML approach xes the problem in global meanglobal NDVI data set over the long term. We will further
however, it causes problems and more variations in tg¥aluate the ACDF adjusted NDVI data sets in the following
range (indicated by the maximum NDVI series aftep€CUONS.
adjustment).

« The LR approach xes the trend in the global mean NDVIB. Evaluation for Global Major Land Cover Types

however, similar to the NML approach, itis unable 10 X g ynderlying assumption for the adjustment approaches
the problem in the maximum global NDVI series. in this paper is the statistical stationary property of the TOA

* The ACDF approach is able to x the trend in the globalg iyalent NDVI data set at global scale. There is no way to

mean NDVI, while global maximum NDVI series Showsgify the validity of the stationary property of NDVI at global
great improvement (i.e., much smaller variation than thg.aje without very high quality (e.g., accurate and consistent)
unadjusted NDVI). global coverage observations. However, it is probably the best

* NML followed by RRS (NML_RRS) xed the problems assumption to make, considering all sources of errors in the

in maximum NDVI time series; however, it left problemsnagjusted NDVI data sets. Although the global-scale trend
in the global mean NDVI time series. _ (e.g., in terms of global mean NDVI) is removed by the station-

* Adjusting SBS followed by mean value adjustment amongy assumption of the ACDF approach, the regional trend does

different satellites using NML (SBS_NML) approach apnot necessarily disappear in the adjusted NDVI data set. Here,
pears to result in a similar product as the NML or LRye will compare and contrast the unadjusted and the ACDF
approach. adjusted NDVI on major land cover types of the globe.

Of the approaches tested, the ACDF method was the besThe land type classication map used in the analysis is
in terms of both making the mean NDVI time series aligghe 0.144 resolution global land surface vegetation type map
better among years and reducing the range of variation f@hich was derived by resampling the 1.@solution 13-class
the maximum NDVI series. Fig. 3 shows the adjusted maxegetation type map in the Global Forecast System [15] cur-
imum, mean, and standard deviation curves compared to teatly used at NOAA/NCEP/EMC into a 0.1%4esolution
unadjusted ones. The adjusted maximum NDVI exhibit motatitude/longitude grid (see Fig. 4). These 13 land cover (or
consistent value range from year to year. The adjusted meaggetation type) classes include: 1) broadleaf-evergreen trees
NDVI is more stable and got rid of the secondary peak valuésopical forest); 2) broadleaf-deciduous trees; 3) broadleaf
seen in many annual cycles of the unadjusted mean ND&hd needle leaf trees; 4) needle leaf evergreen trees;
curve. The adjusted standard deviation curve is generally ab®)eneedle leaf deciduous trees (larch); 6) broadleaf trees with
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ground cover (savanna); 7) short groundcover (in perennigbected that this characteristic would be eliminated after the
8) broadleaf shrubs with perennial ground cover; 9) broadleA€CDF adjustment. Fig. 6(a) shows the time series of ECT
shrubs with bare soil; 10) tundra (dwarf trees and shrulbsr the operational NOAA polar-orbiting satellites [16] cov-
with ground cover); 11) bare soil; 12) cropland (cultivatedgring the data period in this paper. One of the signicant
and 13) glacial. problems in the unadjusted NDVI time series is the obvious
Classes 7 and 12 were referred to as grassland and agridelpendency on satellite ECTs from different polar orbiters.
ture, respectively, in the Simple Biosphere Model, version As an example, Fig. 6(b) depicts the global average NDVI
(SiB1) vegetation classi cation [15]. In the derived highefor week 27 (i.e., early July) of different years. The general
resolution land surface vegetation class map, considering thscreasing trend is obvious for the global mean NDVI from
same or similar parameters used for several classes, the nunglagh satellite within its operational period, while the adjusted
of classes is regrouped into ten (note: class 13 was exclud@gVI gets rid of most of the problem. Note that ECT is
from the following analysis) by combining the above classgfot the sole reason for the discrepancies seen in the global
7 and 12 into a single class, and classes 8 and 9 into anothgfan NDVI time series. Although NOAA-7 and NOAA-9
single class. We chose to combine these classes to increasenfi@ very similar ECT shift patterns, there are other major
sample size in each class. causes that resulted in the uctuation seen in Fig. 6, which
To further understand the effects after the ACDF adjustmegie most likely due to the volcano aerosols emitted by El
applied to the NDVI data set, we separately evaluated the tig@ichon from March to April 1982 and Mount Pinatubo in
series of maximum, mean, and standard deviation of weekjyine 1991. For NOAA-16, although ECT shift is not as serious
global NDVI for each major land use class (see Fig. 5). compared to other previous satellites, calibration among still
* The maximum values (green lines) for all the classegner factors (not yet fully addressed while this paper is being

are more consistent from year to year after the ACDfitten) probably caused the decreasing trend seen in Fig. 6(b)
adjustment than those before the adjustment, although tm%m 2002 to 2004).

still have moderate to strong seasonal variations as seen in
the unadjusted series. _ _
« The mean values (blue lines) for most classes are lardér Regional Trend Before and After ACDF Adjustment

than the unadjusted series. For class 5—needle leaf decidyg oyaluate the regional NDVI after the ACDF adjustment,
uous trees, and for class 10—tundra, the two-peak patte{fs analyzed the annual averaged regional NDVI time series
within the annual cycles in the unadjusted series [see (g o major continental-scale regions over the globe. For

red line in Fig. 5(e)] were redyc_ed to one. , regions covering high latitudes (e.g., above NP of the

* The ranges of standard deviation yalues (black lines) Hforthern Hemisphere, winter weeks were excluded from the
NoTeortﬁgf rs]zlesgi?rggfzﬁr;t)gzlfcéfmr:n:g{runsl}me\?;lues (e n nalysis because of the spurious signals due to extreme low
: , o lar elevation angles and snow cover, and growing season

average values), needle leaf deciduous trees’ NDVI [Fig. 5( k. from April to October, or weeks 14 to 43) NDVI were

could be as large as that of the tropical forest [Fig. 5(a)]. Partavera ed for these regions. Fig. 7 presents the annual averaged
the reason is that NDVI tends to saturate at very high/dense 9 9 -9 7P 9

. . . regional NDVI time series resulted from the unadjusted and
g J

veg.e.tgtlon va!ue plxels,. although in terms of phomsymhetz'a%justed global NDVI data sets for these regions. For regions

activities, tropical fprest is much stronger. in Northern Hemisphere mid to high latitudes, we included
Table Il summarizes the 22-year mean and trend (calculatﬁd . .

: ; orth America (35N-75 N, 168 W-55 W, growing season),
from the least square linear tting of the annual averaged cla sr 35N-75N. 11 W—60 E. arowin M Asi
mean NDVI series) of the unadjusted and adjusted NDV!I f@%?\lpem(N 6_0 E iSOE —OUE, growing segsg ),t' sla
each class, as well as their absolute and relative differenc skt ; St t C?ONUS, gr(;\gmgosﬁasig)s'v?/neo V?/n Iguous
We can see that the unadjusted NDVI has signi cant increasing ¢ ates ( ) (28— ' - ), as

trend over the 22-year period from 1982 to 2003. For exam ,own ir_1 Fig.. 7(a)—~(d). For regions in Northern Hemisphere
classes 1. 2. 3 )7/ ang 12 and 10 hava5.0%. + 15.4% pow to mid latitudes, we have Africa (BI-35 N, 18 W-52 E),

+18.7%, +17.9%, and +15.3% increase, respectively/Si2 (ON-35N, 55E-140E), hand Central - America
for the unadjusted NDVI (see column 4 of Table [1){0 N-35N, 122W-60W), as shown in Fig. 7(e)~(g).

whereas, the adjusted NDVI has much less signi cant trerfi®’ "€gions in Southern Hemisphere, we included South
(see column 6 of Table II). The overall trencHid4.9% for the ~Merica (0S-55S, 83W-35W), Africa (0 S-35S,
unadjusted global NDVI (excluding class 13—glacial whic8 W-51E) and Australia (105-45S, 112E-154E), and

only accounts for 2% of the total land mass betweerN7and 'esults are shown in Fig. 7(h)=(). The adjusted NDVIs are
55 S); whereas, it is only 0.1% for the adjusted data set. Fo!arger than the _un_adjusted ones for _these regions and have less
majority of the classes, the adjusted NDVI are larger than tﬂgerannu_al variation than t_he unadjuste_d series. Mu<_:h of the
unadjusted except for classes 4, 5, and 10, while the overfrease in the average adjusted NDVI is caused by increases

difference is 1.4%. For details, see columns 7 and 8 of Tablelff, the anomalously low values for NOAA-7 and NOAA-9
and by the correction in the adjusted data for the effect of

much later ECTs as the satellites age. The adjusted global
NDVI exhibits more consistent features at the continental

There is a dependency of NDVI magnitude on satellitecales. Note that it is not directly applicable to draw conclusion
ECT in the unadjusted global NDVI data set, and we exn 1988 U.S. drought signal detection using the unadjusted

C. Dependencies on Satellite ECT
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Fig. 5. Unadjusted and adjusted series of maximum, mean, and standard deviation of NDVI within each land surface class from 1982 to 2003.

NDVI, as shown in Fig. 7(d). The annual averaged CONU&nual CONUS mean NDVI for 1988, as seen in Fig. 7(d),
domain mean NDVI is not suf cient for one to infer droughtis more likely due to the NOAA-9 AVHRR sensor's serious
for a particular week, month, or season. Moreover, the losegradation, which is evident in Fig. 6, and caused the obvious
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TABLE 1l
COMPARISON OFUNADJUSTED AND ACDF-ADJUSTEDNDVI FORDIFFERENTLAND CLASSES
Unadjusted Adjusted Absolute Relative
difference  Difference
Class Pixels% Meanof  Trend from Mean of Trend
Annual 1982 to Annual from 1982
Averaged 2003 Averaged to 2003
NDVI NDVI
1 8.95% 0.312 +15.0% 0.332 -0.6% 0.020 6.4%
2 4.01% 0.262 +15.5% 0.282 -0.0% 0.020 7.6%
3 435% 0.237 +18.7% 0.255 +3.4% 0.017 7.2%
4 13.68%  0.185 +13.1% 0.184 +1.9%  -0.001 -0.8%
5 7.11% 0.161 +4.4% 0.133 -4.2% -0.028 -17.4%
6 9.67% 0.263 +13.2% 0.285 -1.2% 0.022 8.4%
T7&12 16.57% 0.199 +17.9% 0.217 +2.3% 0.018 9.1%
8&9 1522% 0.113 +2.9% 0.128 -4.4% 0.015 13.0%
10 9.86%  0.129 +15.3% 0.080 +4.9%  -0.049  -37.9%
11 8.79%  0.088 +3.5% 0.100 -2.8% 0.011 12.8%
Overall 98.00%  0.186 +14.9% 0.189 +0.1%  0.003 1.4%
2% America (+15.4%); whereas the adjusted NDVI have much
- (@) —_— smaller to even negative trends for these regions, ¢8.5%
- for Europe,+1.4% for North America, and-0.0% for Asia
I (low to mid latitude). For other details, see Table Ill. To-

gether with Fig. 7, these results imply that after the global-
scale ACDF adjustment to NDVI, the very large regional-scale

16 w NOAA-9 NOAA-11 NOAA-14 NOAA-16 NDVI satellite-to-satellite variations in the unadjusted NDVI
/ data sets are suppressed, and the very large regional vegeta-

ECT (in U. S. Eastern Time)
>

1 = tion increasing trend for the 22-year period are signi cantly
12 . reduced. However, although the variations caused by instru-
1982 1984 1986 1988 1990 1992 1994 1996 1998 2000 2002 2004 ment change and equator-crossing drift are suppressed, local
time (year) vegetation anomalies due to drought and abnormally favorable
040 weather are retained in the data.
(b)
0.8 —¢— Mean Unadjusted —o— Mean Adjusted ) o )
g % E. Evaluation by Applications on Regional Severe Droughts
g 8 Regional droughts (resulting from long lasting below normal
=] ] precipitation amount and/or high temperature) can cause below
0.24 \/ X\\\X normal vegetation growth and maturation. Presently, one of
. x - - the important applications of global NDVI (resulting from the
7| NoAAT NOAA-9 NOAA-11 NOAA-14  NOAA-1§ NOAA GVI2 data sets) is the detection of regional drought.
8 ‘ ‘ . However, as can be inferred from Fig. 7 and Table 1ll, with a

large satellite-caused trend of regional NDVI in the unadjusted

global NDVI data sets, drought detection becomes harder. In a

particular region, the indicator of drought for a certain period of

Fig. 6. (a) Satellite ECTs for the period 1982 to 2003. (b) Global mean gryear m?y be marked by the abnormally low NDVI compared

unadjusted and adjusted NDVI for week 27 from 1982 to 2993. to a multiyear average or by the extent to which the real-time
NDVI approaches the known historical minimum NDVI. The
latter forms the basis of the vegetation condition index (VCI)

lower-than-normal global mean NDVI values seen in Fig. de ned as

(thick black line).

Table 1l compares the unadjusted and adjusted global NDVI VCl — ND — NDuin 100 @

in terms of mean of the annual averaged NDVI and 22-year NDax — NDiin

trend in the annual averaged NDVI series (calculated from the

linear tting of the annual averaged regional NDVI series)where ND,;, and ND,.. are the climatological minimum

as well as their differences for the above ten regions. For thed maximum NDVI, respectively, within the known data

unadjusted regional NDVI, the 22-year trends are all positigets. Note that these quantities are rederived after the ACDF

for these regions, and the trends are very large (e.g., more tlaajustment, thus NR;, and ND,., in the adjusted data set

15%) for regions such as Europe-Z7.6%), North America are different from those in the unadjusted data set. ND is the

(+19.4%), Asia (low to mid latitude17.7%), Asia (mid real-time NDVI. We refer to [4], [17], and [18] for detailed

to high latitude,+15.9%), CONUS 415.6%), and Central discussions on VCI and its applications. VCI normally ranges

1982 1984 1986 1988 1990 1992 1994 1996 1998 2000 2002 2004

time (year)
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Fig. 7. Annual averaged series of unadjusted and adjusted spatial mean NDVI for ten regions of the globe. (a) North America Growing Season [35N-75!
168W-55W]. (b) Europe Growing Season [35N-75N, 11W-60E]. (c) Asia (Mid to High Latitude) Growing Season [35N-75N-60E—180E]. (d) CONUS U.S.
[25N-50N, 125W-60W]. (e) Africa (Northern Hemisphere) [ON-35N, 18W-52E]. (f) Asia (Low to Mid Latitude) [ON—-35N, 55E-140E]. (g) Central America
[ON-35N, 120W-60W]. (h) South America [0S-55S, 83W-35W].

between 0 and 100. Low VCI values (e.g., below 40) indicate Here, we separately apply (4) to the unadjusted and ACDF
abnormally low vegetation growth, whereas high VCI valueadjusted NDVI data sets and show the application of VCI to
(e.g., above 60) indicate the opposite. the detection of 2005 U.S. droughts. As reported from ground
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TABLE Il
COMPARISON OFSPATIALLY AVERAGED UNADJUSTED ANDACDF ADJUSTEDNDVI FORDIFFERENTREGIONSFROM 1982 to 2003
Region Unadjusted Adjusted Absolute Relative

Mean of Trend Mean of Trend difference  Difference

Annual from 1982 Annual from

Averaged  to 2003 Averaged  1982to

NDVI NDVI 2003

North America 0.219 +19.4% 0.233 +1.4% 0.014 6.4%

(35N~75N, 168W~55W)

growing season

Europe 0.249 +27.6% 0.268 +8.5%  0.019 7.6%
(35N~75N, 11W~60E)

growing season

Asia 0.184 +15.9% 0.199 +02%  0.015 8.3%
(35N~75N, 60E~180E)

growing season

CONUS U. S. 0.233 +15.6% 0.252 +0.5%  0.020 8.4%
(25N~50N, 125W~60W)

all year

Africa 0.127 +9.7% 0.141 -0.9% 0.014 11.0%
(ON~35N, 18W~52E)

all year

Asia 0.192 +17.7% 0.207 -0.0% 0.015 7.8%
(ON~35N, 55E~140E)

all year

Central America 0.280 +15.4% 0.301 -0.0% 0.021 7.6%
(ON~35N, 122W~60W)

all year

South America 0.289 +13.1% 0.308 -1.6% 0.020 6.8%
(0S~55E, 83W~35W)

all year

Africa 0.243 +10.2% 0.264 -3.6% 0.021 8.8%
(0S~35S, 18W~51E)

all year

Australia 0.197 +7.2% 0.218 -5.1% 0.021 10.8%
(10S~45S, 112E~154E)

all year

Northern Hemisphere (mid to
high latitude)

Northern
Hemisphere, (low to

Southern
Hemisphere

observations and demonstrated by the U.S. Drought Monitidlore negative ND value indicates stronger below normal
(online at http://www.drought.unl.edu/dm/monitor.html), thergrowth for vegetation, which is often the consequence of
are moderate to severe droughts from the northeast to censelere drought.
U.S. in the growing season of 2005. Table IV shows the comparisons of regional mean*ND
Fig. 8 presents the VCI from the unadjusted and ACDFRer 14 drought cases. These droughts occurred at four major
adjusted NDVI for weeks 20 (May), 29 (July), and 3%ontinents over 14 years (e.g., from 1985 to 1998), covering
(September) of 2005. We can see that the VCI from the ACDFarious climatic regions. Column 2 of this table indicated the
adjusted NDVI demonstrate much stronger drought signakgion, spatial range, and time (e.g., week number and year
(i.e., low VCI value clusters) than those from the unadjustetumber) for these drought occurrences. Detailed descriptions
NDVI. Itis this feature of the ACDF-adjusted NDVI that make®f these droughts can be found in [4] (for cases i and j), [5] (for
it useful for drought detection and as a source of GVF for NW&ases b, c, d, k, I, m, and n), [6] (for cases e, f, g, and h), and
boundary conditions. [17] (for cases a, b, and ¢). These droughts were severe enough
To further demonstrate the impact on regional severe droughéat, in the past, even the unadjusted NDVI can detect the strong
detection using the ACDF-adjusted NDVI data set as ophomaly signals, as shown in column 3 of Table IV. Column 4
pose to the unadjusted NDVI, we have selected 14 casesobfTable IV shows that, except for case b, the ACDF-adjusted
severe regional droughts and compared regional averaged shDVI had a similar or enhanced level of negative vegetation
dardized NDVI anomalies from the unadjusted and ACDFRnomaly signals, compared to column 3. Althoughiitis a limited
adjusted NDVI data sets. The standardized NDVI anomaly ieimber of cases, our results provided evidence that the global
de ned as stationarity assumption in the ACDF approach does not imply
regional stationarity.

ND — N
ND* = — = (5)
OND

IV. DISCUSSION

where ND is the standardized NDVI, anND and oxp are There are limitations within the present study scope. The
the average and the standard deviation of NDVI, respectivelsst is related to the lack of comprehensive validation for the
in the time series of our sample data set from 1982 to 2008storical global NDVI data sets because direct ground-based
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was derived. The weekly global SMN based on the operatiortae GVF, which is used by the operational weather and climate
AVHRR data, although derived after the best knowmodels at NOAA/NCEP/EMC from the ACDF-adjusted NDVI
prelaunch and postlaunch calibrations, lack operational glatata set in an operational manner.

ally consistent correction procedures for atmospheric effects,
sun—earth—target geometry variation, and spectral variation
from one sensor to the next. Even after the recent effort by
NOAA/NESDIS scientists to reprocess the AVHRR global area The authors would like to thank Dr. A. Ignatov of
coverage data and thereby establish a global vegetation CINOAA/NESDIS/STAR for the information regarding NOAA
the temporal discrepancies in NDVI arising from differenpolar-orbiting satellite ECT and Dr. J. T. Sullivan of
generations of sensors remain an issue. NOAA/NESDIS/STAR for the comments during various stages

The third limitation is the assumption of the stationargf this study. The contents of this paper are solely the opinions
property on the interannual total global vegetation amount fof the authors and do not constitute a statement of policy, deci-
a week. If the Earth is greening, as several studies basedsins, or position on behalf of NOAA or the U.S. Government.
the AVHRR record have suggested, then our assumption of
stationarity is incorrect. However, the long-term studies of REFERENCES
“global greening” must deal with the problems of calibra-[1] K. B. Kidwell, Global Vegetation Index User Guide. U.S. Dept. of

tion, orbit drift, and spectral changes from AVHRR/1 through ~ Commerce, NOAA/NESDIS. Asheville, NC: Satelite Data Services
AVHRR/3. None, so far, have dealt with all of these issues, s Division, Nat. Climatic Data Center, 1994.
: ) ) ) &] G. Gutman, D. Tarpley, A. Ignatov, and S. Olson, “The enhanced NOAA

the magnitude of long-term greening, which is inferred from the  global land data set from the Advanced Very High Resolution Radiome-

. . - - I3] F. N. Kogan, “Remote sensing of weather impacts on vegetation in non-
related to this assumption is that smooth variation cannot, iN" ,,mogeneous areadrit. J. Remote Sens., vol. 11, pp. 1405-1419, 1990.

a strict sense, be used as a criterion for validation. In thg] F. N. Kogan, “Global drought watch from spaceill. Amer. Meteorol.
context of this paper, we use the smooth and consistent vari- Soc- vol- 78, no. 4, pp. 621-636, Apr. 1997.

. . . Lo 5] F. N. Kogan, “Operational space technology for global vegetation as-
ation of global NDVI as a justi cation for a quality-improved sessment,Bull. Amer. Meteorol. Soc., vol. 82, no. 9, pp. 19491964,

global data set over the long term, considering the known Sep.2001.
problems and inconsistencies in the unadjusted global NDVf! R- A. Seiler, F. Kogan, and W. Guo, "Monitoring weather impact and crop
yield from NOAA AVHRR data in Argentina,’Adv. Space Res., vol. 26,
data set. R no. 7, pp. 1177-1185, 2000.
For purposes of initialization of weather forecast model$7] J. D. Tarpley, S. R. Schneider, and R. L. Money, “Global vegeta-
with AVHRR GVF, the ACDF-adjusted NDVI is superior to tion indices from the NOAA-7 meteorological satellitel” Clim. Appl.

. . Meteorol., vol. 23, no. 3, pp. 491-494, Mar. 1984.
the uncorrected data. The errors in GVF eliminated by th%] R. B. Myneni, C. D. Keelivolng, C. J. Tucker, G. Asrar, and R. R. Nemani,

ACDF procedure are signi cant and known. If the lack of  “Increased plant growth in the northern high latitudes from 1981 to 1991,”
global stationarity becomes a problem as the greenness of tE)I Nature, vol. 386, no. 6626, pp. 698-702, Apr. 1997.
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