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Detection of Interannual Vegetation Responses to
Climatic Variability Using AVIRIS Data in a Coastal
Savanna in California

Monica Garcia and Susan L. Ustilember, IEEE

Abstract—Ecosystem responses to interannual weather vari- be taken into consideration [6]. Changes in NPP are explicit
ability are large and superimposed over any long-term directional only at a given combination of spatial and temporal scales [1],

climatic responses making it difficult to assign causal relationships and the choice of appropriate temporal and spatial sampling is
to vegetation change. Better understanding of ecosystem re_critical 7]

sponses to interannual climatic variability is crucial to predicting ! . .
long-term functioning and stability. Hyperspectral data have the In Mediterranean ecosystems, most of the interannual varia-

potential to detect ecosystem responses that are undetected bytion in NPP relates to rainfall patterns [8], but it is also highly de-
b:rogdlband sensors and can be US%d to Scjﬂe to C%B}f?]ef rescI’“:_tionpendent on species ecophysiology and site microenvironment.
obal mapping sensors, e.g., advanced very high resolution \spi ;

?adiometerp?A\/ngRR) and M%DIS. This resea>r/ch ?ocused on Wlthm a plal.qt community, both phenqlpgy and NPP a.re afur_lc-
detecting vegetation responses to interannual climate using the t'on. Of. sDat'al an.d temporal ava'la.b'"ty _Of WaF(?r. High vari-
airborne visible-infrared imaging spectrometer (AVIRIS) data abllltyln winter rainfall prOdUCGS variable intensities of summer
over a natural savanna in the Central Coast Range in California. drought [8]-[10]. Climate uncertainty has favored flexibility in
Results of linear spectral mixture analysis and assessment of the response to water availability that is different between commu-
model errors were compared for two AVIRIS images acquired pijies and between species within communities. Therefore, to

in spring of a dry and a wet year. The results show that mean . L

unmixed fractions for these vegetation types were not significantly mqmtor NP_P ata Iaqucape scale, it is necessary to have S_Uf'

different between years due to the high spatial variability within  ficient spatial resolution and coverage to separate community

the landscape. However, significant community differences were types. Nonetheless, there remain many uncertainties about how

found between years on a pixel basis, underlying the importance variability in the structure and chemistry of plant communities

ggsgggr’sig'a r?d”;'g’gﬁa'\\/'Iggggzggrg;:gﬁézpeara' coverage IS mogifies reflectance and thus influences the interpretation of
' NPP [11]-[13], especially for vegetation types like evergreens

Index Terms—Airborne visible-infrared imaging spectrometer  or plants under stress, where there is no functional convergence
(AVIRIS), endmembers, linear spectral unmixing, mediterranean with structure [11], [14], [15].

rassland, rainfall variability, savanna. - .
g y Vegetation dynamics, and carbon fluxes at coarse scales

have been estimated using the normalized difference vegetation

I. INTRODUCTION index (NDVI) derived from advanced very high resolution
if diometer (AVHRR) or multispectral scanners (MSS) because

g?eavailability of multitemporal sampling. [16]-[19]. How-
gyer they miss important changes in vegetation, especially
emiarid areas, where background and litter greatly affect

COSYSTEM responses to interannual weather variabil
are large, especially in the case of semiarid areas wh
water is the main limiting resource. A better understanding

these responses is crucial to predicting long-term ecosyst . . .
functioning and stability, and for improving watershed anapectral signatures [2]. Hyperspectral sensors like the airborne

rangeland management [1], [2]. However, detecting changesvlﬁible'inframd ‘”?aging spectrometer (AVIRIS) capture more
net primary production (NPP) and establishing relationships%’etc_tral information bec;aulsli thdey hfz?ve af Ila(;ge ”“mdt;f]r of
climate variation is complicated. In principle, NPP is limite¢tONtIgUOUS narrow spectral bands, often o nm wi or

by climate and biogeochemical cycles, but is also modulat grrower, from instruments with a high SNR [20]. Also,

by feedbacks from canopy development and differences xperspectral sensors have high spatial resolution which allows

source-sink relationships across the landscape [3], [4]. AGOre precise ecological analysis.

ditionally, interacting processes occur at multiple rates and'At‘.t prefe;_t, tr;]e uscta) of hIY pgtrsgt(ajctratl sgns(jors Int chanl?_(f de-
spatial scales [5]. To study interannual changes, both long-te lon studies have been imited due to inadequate muftitem-

climatic responses and short-term seasonal responses rﬁﬁé?l coverage (21, [22].' None'theless, thege change studies
show promise and benefit from improved calibration methods

that isolate atmospheric and instrument artifacts from actual

. . . , gkrowth changes within plant communities [23]. Change detec-
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to minimize all sources of reflectance variability other than vedhttp://jasperl.stanford.edu) [22], [35]. The serpentine soils (15
etation, such as misregistration, atmospheric calibration, illuntia) support endemic grasses and forbs tolerant to low calcium
nation, detectors, sun angles, and plant phenological differensefls that have lower growth potential than grasses growing
[24], [25]. on the greenstone Franciscan soil. The greenstone grasses are
The purpose of this research was to identify interannual-temmainly introduced European annuals which support less biodi-
responses in NPP due to climate variability, observed duringrsity than serpentine grasslands. The mixed evergreen forest
the period of peak spring growth, using hyperspectral data frasmcomposed of 150 ha of California bay, live oak, madrone,
AVIRIS collected over a natural savanna in California. Hypeand some stands of redwood and Douglas fir. There are 15 ha of
spectral data have potential to improve NPP estimates by ibiue oak savanna, which is considered winter-deciduous except
proving the accuracy of leaf area index measurements, betterinsextremely dry years when it is drought-deciduous [37], and
timates of turnover of foliage and woody stems, and estimateslaf0 ha of chaparral communities composed of several types of
plant stresses that reduce GPP below maximum values. At thisubs. The remaining 150 ha include the lake, wetland, and
time, phenological differences between plant communities aiparian corridors (http://jasperl.stanford.edu).
minimal and differentatiation is least distinct. The study com-
pares a strong wet El Nifio year and a dry (below normal precig- AVIRIS Data
itation) year at the end of a weak cold EI Nifio Southern Oscilla- . .
tion (ENSO) event (La Nifia) (http://www.cpc.ncep.noaa.gov). Two AVlRIS_ images of ‘JRBP. were acquired on May 3,
The years differ in the magnitude and distribution of rainfai_g%’ and April 29, 1998, following northeast and northwest

over the year. The study site is Stanford University’s Jasp |pht|ines, respectively (Figs. 1 and 2). Datasets had a nominal

Ridge Biological Preserve (JRBP), Palo Alto, CA, in the Cerground resolution of 20 m, spectral resolution of 10 nm, and

tral California Coast Range. There is a long history of ecolo -6.'b't rad|omeFr|c.r.esqut|_on. The c'h0|c'e of these images was
ical and remote sensing research at this site with higher te iven by the significant difference in rainfall between the two

poral coverage of AVIRIS imagery than for any other place [22 cars and the _S'm"?r dates of the mages. The“1995_/~19,?6 and
The JRBP has significant biodiversity over a relatively small e -997/199“8 SPT'I‘% climates were .W'th'n a _vvez_ik La_ N'm.i and
tent (482 ha). Hyperspectral data has been shown to corre%t%trong El Nifio” event, respectively, which in California are
with vegetation structure at JRBP and in other semi-arid are%épressed as dry and WeF years. In the 1995/1996 season, total
[26][28] and is assumed to be a measure of net ecosystem 6%[1fall was 794 mm and in the 1997/1998 season it was 1333

duction (NEP) occurring over the landscape [29]-[32]. Modé™m

approaches have used vegetation indices and spectral miXMH(S?DTRAN model [23], [38] using standard atmospheric con-

analysis (SMA). " :
In late spring, all vegetation types are at or near the peak%'ons' To ensure that _reflectance levels were.equwalent, the
their annual productivity and spectral differences between ve 1ages were radlometrllcally .aI|gned to an AP”' 1997 Jasper
geimage by regression using pseudo-invariant features (PIF)

tation types are less than other seasons when deciduous tree ) _ . ) .
yp %[respondlng to road pixels. The 1997 image was aligned with

grasses are dormant. SMA [34] has been one of the most T,F spectra obtained that year (D. Roberts, personal commu
cessful techniques to quantify vegetation abundance and s . . ' ! : i
q d fy veg ication). It is remarkable that SNR levels improved in 1998 by

seasonal trends consistent with field data [22], [28], [30], [31]. t a factor of two i i tral reai due to i
The types of canopy changes that can be detected in the sp ost afactor of two In most Spectral regions due to improve-

are related to NPP and the abundance of plant litter and stegI : }S lnlthe 'IA\VIFItSdS?eCtr%rSSterSf] TT:US, Intl998t, tftle hlglhestI
i.e., the nonphotosynthetic components of plant canopies. Be- Evels caiculated for a o refiectance farget at sea leve
cause measurements of green foliage or biomass in late spﬁ?;

|

ercent surface reflectance was calculated using a modified

23.5 zenith angle corresponds in the A spectrometer (0.7
to levels of 1000:1, and the lowest were measured in the

t th k of the phenological cycle they should . . .
are a or near fhe pea o tne phenological cycie ey shou R region (2.2:m) with maximum levels of 400:1 [23].

correlated with NPP. Spring measurements have greater fu
tional convergence between biomass and carbon fixation for )
all vegetation types including evergreen trees [35], therefofe; Georeferencing
linking structure and function becomes more direct than at othera digital orthophoto quad (DOQ) from United States Geo-
times of the year. logical Survey (USGS) corresponding to Palo Alto South West
(PASW) quadrangle in UTM coordinates with 1 m pixel resolu-
II. DESCRIPTION OEDATA tion was used to georeference the 1998 scene using 43 points.
) The root mean square error (RMSE) using a first-order polyno-
A. JRBP Study Site mial warp was less than 0.05 pixels or 1 m. The study area of 500
JRBP is located in the eastern foothills of the Santa Cria iswithoutlarge topographic gradients therefore, using a poly-
mountains, at 37 24’'N latitude and 122 13'30"W longitude. Axomial function was appropriate. The 1996 image was coregis-
vegetation map was available, which was produced from aettated to the 1998 image to ensure that registration for change
photographs and field observations by Chiarello (1989) [3G]etection was accurate. The error was less than 0.4 pixels or 8
The 500 ha of JRBP are composed of five main vegetation types; also using a first-order degree polynomial and 44 points. In
evergreen forest, deciduous forest, chaparral shrublands, hedsder to avoid spectral resampling after warping, the derived im-
ceous perennial wetlands, and annual grasslands. Topograplgs were warped instead of the original spectral bands. How-
and soil patterns create relatively high spatial heterogenedyer, in some areas of the scene, it was necessary to use the vege-
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greatly affect pixel reflectance [2], [11], [28]. In these, the
problem of nonlinear mixing is secondary as the thick leaves of
xerophytic vegetation and sparse canopy cover decrease mul-
tiple scattering of photons [39]. In fact, linear SMA has been
widely used for hyperspectral and TM data at Jasper Ridge and
other semi-arid sites with even lower primary productivity. In
those studies, characterization and quantification of vegetation
structure and functioning using unmixing was consistent with
the ecological trends and field measurements [2], [14], [24],
[39], [42]. The SMA equations are solved through linear least
squares fitting. The maximum RMSE between the observed
and the predicted image reflectance is minimized. Negative
fractions are an indication that the endmember selection was
not appropriate. RMSE is a measure of the amount of spectral
reflectance not accounted by the model, and therefore can be
used to estimate the goodness of fit in the model, which should
be at a level similar to instrument noise [2].

A. Endmember Selection

Finding appropriate endmembers is a critical step and spectra
of various plant canopies, litter, shadow, and soil were used [15],
[27], [41], [43]. A unique solution may not be best, particularly
Fig. 1. True color composite in RGB from May, 3 1996, AVIRIS reflectancdor extending a model to a wider region, and a subjective deci-
image of Jasper Ridge Biological Preserve, delineated by white line. sion must be made based on the purpose of the research and the
outputs of the SMA process. High RMSE or high band resid-
uals(e;) and negative or unrealistic fractions indicate a bad fit
of the model and reveals inappropriate endmember selections
[41]. Basically, there are two ways to select endmembers: ref-
erence endmembers in spectral libraries come from field data
that are used to represent landscape components, and image
endmembers, which represent “pure” pixels in the image. One
of the main difficulties in the first method is that the library
might not match the phenology at the time of the image, or that
there is miscalibration between field spectra and image spectra,
or because it is complicated to decide which endmembers are
the most “representative.” In contrast, image endmembers may
closely match pixel spectra in the image but may be mixtures
themselves and make identification of the materials uncertain.
Both methods share calibration requirements, which is essential
for atmospheric retrieval and extension of the methods to other
sites [24], [35], [44].

A hybrid method combining automatic and supervised end-
member selections was performed on the 1998 image following
methodology proposed by Boardman in 1993 [44]. Water vapor
bands and noisy bands were removed to reduce noise and data
dimensionality. The minimum noise fraction (MNF) algorithm
Fig. 2. True color composite in RGB from April 29, 1998, AVIRIS reflectancé’vas apphled to the reﬂe_'Ctance mage and the.p|xe_l purlty index
image in Jasper Ridge Biological Preserve, delineated white line. (PPI), as implemented in the Environmental Visualizing Images

software package (RSI, Boulder, CO) was calculated in regions
tation map and apply a different endmember set and in this Cag%intergst.at Jaspe'r Ridg'e (selected fo"ow".‘g. decreaging vari-
all spectral bands were warped. a_m(:e) within MNF dlmer_15|onal space. The minimum noise frac-

tion transform is essentially two cascaded principal components
transformations that first computes the estimated noise covari-
ance matrix to decorrelate and rescale the noise in the data and

The method used to detect and quantify changes betwdban performs a standard principal components transform of the
years was linear SMA [34]. The advantages of using lineabise-whitened data. PPl is a search routine for the most spec-
spectral unmixing from hyperspectral data apply especially t@lly pure (extreme) pixels (i.e., candidate endmembers) in the
semi-arid areas where green cover is low and soil and litienage. The pixels with the highest PPI values were selected, as

I1l. METHODS
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they are linearly independentin mostdimensions. Thesamep . GRASSES
cedure was followed on the 1996 image. Endmembers usec .

the SMA came from the 1998 image as vegetation was gree g ,, ! %
and because signal-to-noise levels were improved with resp 2
to 1996. 0.55 1

T ™ 0
Jan-94 Jul-94 Jan-95 Jul-95 Jan-96 Jui-96 Jan-97 Jul-97 Jan-98 Jul-98
B. Error Analysis e grasses rainfoll - ---- grasses 2 per. Mov. Avg
EVERGREEN

Accurate change detection requires minimizing other sourc
of reflectance variation between dates [24], [25]. One source
error is misregistration between images, but differencesinpt g ,
nological stage, sensor angle, zenith angle, and solar azimi 2
clouds, and atmospheric effects must be accounted for. lllur s ! . , , ‘ , ]
nation differences between years were minimal as image acc Jan-04 394 Jan-95 Jl-95 Jan-96 Nul-96 Jan-97 Ju-97 Jen-98 Jul-98
sition was only one week apart. Comparison of biweekly NDV =~ ---eees everg rainfall 1green 2 per. Mov. Avg
composites of the study area from AVHRR between 1994 a DECIDUOUS
1998 show that peak greenness occurs at these dates, ensi %%

0.85

200
150

comparability of phenological stage (Fig. 3). = 3

RMSE for the JRBP area was used as a criterion for goc & °*7 10 2
ness-of-fit for endmember selection. RMSE is defined for ea 0 £

. 0.55 o
pixel as Jan-94 Ju-94 Jan-95 Jul-95 Jan-96 hi-96 Jan-97 hi-97 Jan-98 Jul-98

------- decid rainfall decids 2 per Mov. Avg
n
_ 2 CHAPARRAL
RMSE = | >~ (Ro(A) — Ru(N)) oss AP
A=1
; 0.7

where

R,(A) pixel reflectance; 055 ] A nd © 0

Ru,()\) modeled pixe| spectral reflectance; Jan-94 Jul-94 Jan-95 Jul-95 Jan-96 Jul-96 Jan-97 Jul-97 Jan-98 Jul-98

n number of bands. . chaparral rainfall chaparral 2 per. Mov. Avg,

Analysis of residuals between observed AVIRIS reflectance
and modeled SMA reflectance Corresponding to each specﬁ‘?el 3. Temporal NDVI series derived from bimonthly composite _AVHRR
band has been used to identify materials poorly fit by the ref é:\?\;ezgelgn;ia;‘ngtl’ggg’f’as calculated for the Santa Cruz Mountains extent
ence endmembers [21]. In this study, an analysis of the specific
contribution from each spectral band to total error and spatig f absorption occurs at these wavelengths. The degree of non-
variation in the error was used to assess model results. Resid A arity caused by multiple scattering of photons depends on

were calculated per band and per pixel. Additional error SOUrGR3 s transmittance, which is lower in xerophytic vegetation like

§tem from the spectral and radmmgtnc calibration procedu@'laparral and evergreen conifers and higher in grasses and some
in-flight system changes, solar irradiance model errors, and S?

4 o iduous shrubs and trees [21], [22], [27]. Nonlinear mixing
accuracy in parameter estimation [46]. In ourcase, the thresh gpreases with canopy cover and with background reflectance
level chosen to assess th_e goodness-of-fit in the model_ was @brighter soils and standing litter [11]-[13], [41].
of maximum reflectance in each band. Because error is corre-
lated with magnitude of reflectance, the areal extent for which
the maximum error was calculated was restricted to the JRBP
where the preexisting vegetation map could be used to mask théinear SMA using three endmembers, soil (Franciscan green-
results and analyze error(s) for each vegetation type. stone), green vegetation (evergreen forest), and shade was ap-

Interpreting the cause(s) of high residuals is not easy. A coiplied to 1996 and 1998 images. Residual analysis of each spec-
bination of factors decreases the fitness of the model. One tjf@ band showed high error for areas of JRBP that were com-
includes spectral features not accounted for by the selected ep@ised of dry grass and litter, justifying the addition of a dry grass
members. Thus, heterogeneous biochemical and structural cle@admember. Based on this analysis, a new set of four endmem-
acteristics or gradual changes in soil and vegetation propert&s: soil, green vegetation, shade, and dry grass, was applied
contribute to this error. Another source of error is caused by nd@-the grassland areas where RMSE was high. The grassland
linear effects associated with multiple scattering of photons, d¥undaries were defined in the image using the Greenstone and
pecially in the NIR and SWIR bands. Vegetation structure arffgerpentine vegetation boundaries in the Jasper Ridge Vegetation
leaf optical properties or high background reflectance contribu#ap [36].
to nonlinear scattering. Finally, systematic errors from illumi- ,
nation and atmospheric conditions, sensor effects, and calibfa-Endmember Selection
tion procedures increase error in the model [11], [22]. Effects of Automatic endmember selection was determined using the
nonlinear spectral mixing are most evident in the NIR as littlINF bands. MNF transformed spectra were related to spec-

IV. RESULTS AND DISCUSSION
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error threshold levels, except the grasslands. Both serpentine
and greenstone grasslands had high residuals in the visible, NIR,
and SWIR bands in 1996 and in 1998. When residuals are high
and positive in the visible range, the model overestimates veg-
etation or underestimates soil, as vegetation reflectance is very
low in this range. In the same way, high negative residuals in
the NIR reflect an overestimation of vegetation as observed re-
flectance is less than modeled and vegetation reflectance domi-
nates in the NIR wavelengths. In senescent plants, these errors
can be related to low chlorophyll concentrations and high pos-
wavelenght (om) itive residuals in the red spectral region, low leaf water content

and high positive residuals in the SWIR, and lower NIR-plateau
Fig. 4. ISett %fenéimerpbe”rs gsedé‘or ur;g:xing_i Sreen velgetatio? and d[jy g}:ﬁ@ﬂectance, and high negative residuals in the NIR. As a con-
B e e Leclo™ 74 &uence, senescen or stressed vegelation has a red edge that

is shifted toward the blue region, decreasing the fitness of the

selected green endmember. All of these RMS characteristics
tral properties of different vegetation types, dry grass, and soige associated with JRBP areas of senescent grasses and plant
Pixels with the highest PPl in MNF space corresponded to sqjfter. This effect on RMS band residuals is stronger in 1996
vegetation and water spectra. However, because vegetatioghgh in 1998, corresponding to the more droughty condition
Jasper Ridge is patchy and spring grasses grow almost evgiyt996. The error attributable to extrapolation of endmembers
where, no pure soil pixels were found. Instead, soil from a bafigm 1998 to 1996 does not produce changes in residuals in
field east of JRBP was used after evaluating different soil Speca’@]er Vegeta‘[ion typeS, such as evergreen forest and ChaparraL
and unmixing results. The water endmember used to model thgich are on the same order in both years. The high negative
shade component was also from a lake outside JRBP. It wasiduals in SWIR bands in 1996 may also be responding to in-
chosen because its albedo was the lowest in the entire scefgased cellulose and lignin absorptions due to the presence of
(Fig. 4). . more canopy litter.

Linear SMA was performed after applying several combi- The effect of enhanced multiple scattering with greater
nations and numbers of endmembers. Selection criteria WeHHopy cover is observed in Fig. 7 for deciduous forest pixels
realistic fraction di_stributions (i.e., between 0-100%) and IoyWat have high leaf transmittance. In this vegetation type, soil
RMSE. The best fit endmembers for JRBP corresponded 1qrgctions are low and SMA adjustments come from changes in
combination of evergreen vegetation, soil and shade spec{jggetation and shade fractions. The observed spectra had the
Adding an additional endmember, plant litter, did not improvgsme spectral features in both years but different albedo, which
the general fit, because 1) at this time of the year, all vege{ayejated to greater canopy cover in the wetter 1998.
tion _except grasses are green and have I_ittle canopy litter, and 2}, Fig. 6, residuals are shown for grasslands from different
the litter endmember was confounded with the soil endmembegg 5k grounds: serpentine and greenstone soils. When green
Fig. 5 shows a red, green, blue (RGB) composite of soil, gregny, ., cover is high, reflectance residuals are low. However,
vegetation, arjd shade fractions. Specific combllna_tlons of e%'th lower canopy cover, spikes in the red-edge region are large
member fractions (as observed by the color variation) areé cqg; g reenstone and serpentine grasslands, suggesting that the re-

sistent for specific vegetation types. These results demonstigieiance model for either plant litter or soil could be improved.
vegetation patterns described for JRBP and for other sites [2g]ye N|R, negative residuals indicate overestimation of vege-

[39]- tation abundance. At this time in spring, serpentine grasslands
_ are drier than greenstone grasslands, which explains their lower
B. Error Analysis negative residuals in the NIR. However, in the red-edge wave-
Mean RMSE at Jasper Ridge, for SMA with three endmeniength region, residuals are higher for greenstone grasses where
bers, was 0.84% in 1996 and 0.64% in 1998, with standard detlie background soil is brighter, which enhances nonlinear scat-
ations of 0.43% and 0.21%, respectively. Lower error occurréering more than the darker serpentine soils. This suggests that
in 1998 compared to 1996, which is related to improvementtse effect of plant litter is greatest in the NIR and the effect of
in the A and D spectrometers in 1998. However, spatial distthe soil background is more important near the red-edge.
bution of RMSE shows speckled areas with high RMSE in the Standing litter increases reflectance at 680 nm, reduces NIR
partially senesced grasslands. In addition, green canopy coveeitectance, increases the slope of NIR between 800 and 1000
lower, and soil background effects are higher in this type comm, and increases SWIR reflectance, similar to the effects ob-
pared to other vegetation types. served for woody stems in trees and shrubs [11], [13]. However,
The per band residuals analyzed over the entire image weraimall increases in standing litter cause more than a proportional
the worst case, less than 4% reflectance (Fig. 6). However, therease in canopy reflectance because of its impact on non-
spatial and spectral analysis of residuals shows that the edinear mixing, especially in NIR and SWIR regions [11]. Fig. 8
contribution of each band is different and varies depending shows residual trends for chaparral canopies, serpentine and
vegetation type. It also highlights spectral differences betwegreenstone grasses. The RMSE by wavelength is similar for
years. Fig. 6 shows that almost all vegetation types fit withithaparral and grasses but the magnitude is greater in grasses,
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1998 = Wet year 1996~ Dhry vear

Fig. 5. Unmixing results using three endmembers: soil (red), green vegetation (green), and shade (blue) in spring at Jasper Ridge. Areas mjplotiigher p
of red correspond to the grasslands.

ALL VEGETATIONTYPES199%¢ = -~ greenstone grass

smescons GVETIEEN
------ chaparral
= dry serp grass

S R deciduou S

dry grass
s +3% max. reflec

¢ -3 % max. reflec

-1.5 4

residual reflectance (%)

1200 1600
wavelength (nm)

ALL VEGETATION TYPES 1998

greenstone
e @YELETEEN
------ chaparral
. serp grass
s deciduous

s 43 % max. reflec

= -3 % max. reflec

residual reflectance (%)

T T T

400 800 1200 1600 2000 2400
wavelength (nm)

Fig.6. Comparison of residuals across spectral bands between observed AVIRIS reflectance and modeled with unmixing in 1996 and 1998 fogeliftoent ve
types. Grasses present higher residuals as a consequence of senescence.

despite similar cover fractions. Also, serpentine grasses shoatdorophyll absorption, since they are more senescent than
red-edge shift with respect to greenstone grasses due to legseenstone grasses.
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low albed
DECIDUOUS 1998 OW. b oven
= = = medium albedo evergreen

high albedo evergreen
+ 43 % Max reflec
s -3 9% Max reflec
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residual reflectance (%)

-5 T T .

400 800 1200 1600 2000 2400
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Fig. 7. Residuals between observed and predicted reflectance suggesting nonlinear scattering effects due to increasing canopy levelsiittinigliciiags
and background effects from soil and litter in the grasses.

C. Unmixing with Four Endmembers in Grassland Areas  centgrass endmember was included. Grassland boundaries were
delimited using the JRBP vegetation map. Soll, litter, and vege-
Nonlinear mixing effects can lead to overestimation of gredation fractions were rescaled to sum to 100% after removing the
vegetation fractions making change detection unreliable. $bade fraction. It was assumed that shade fractions were equally
minimize this problem, based on the error analysis above, distributed between soil and vegetation components. However,
additional endmember was added to pixels in the grasslaridhade fractions are contributed by shadows in addition to pho-
to account for the unexplained reflectance. The fourth entpmetric shade, subpixel topography could affect landscape ma-
member was a senescing but not totally dry greenstone grdssals differently and cause rescaled fractions to be inaccurate
based on its PPI ranking (Fig. 4). Unmixed fractions in thi2]. Comparison of shade fractions against a DEM did not re-
grasslands were consistent with expected values at the gal a vegetation dependent residual shade.
April phenological stage. RMSE decreased to the magnitude | , , ,
of the mean RMSE for the three endmember model usedh Differences in Mean Unmixed Fractions
the other vegetation types. Trials using a dry litter endmemberMean fractions of green vegetation (GV), soil, and plant
without any red edge, yielded negative and unrealistic fractioliger/dry grass (i.e., nonphotosynthetic vegetation or NPV)
with high RMSE. were calculated for both years for each vegetation polygon
In conclusion, the final SMA results consisted of soil, everFig. 9). Chaparral, deciduous forest, and evergreen forest
green vegetation, and shade fractions for all of JRBP except &trow less plasticity in growth response to rainfall. Comparison
serpentine and greenstone grasslands where an additional sesfeset and dry years shows that herbaceous annuals are most
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Fig. 8. Differences in residuals between grasslands and chaparral areas showing nonmodeled reflectance from dry grass and litter at theiretihe8§l&nd
regions.

than effects on primary productivity. Landscape scale pheno-
mgves  logical changes in grasslands arise mainly through changes in
mgvos  Species composition [36]. Differences in structure and canopy
msoil 98 geometry among vegetation types can produce different green
msoil 96  Vegetation fractions for the same biomass, limiting the value of
mnpv98  comparisons between vegetation types [14]. In any case, the
mnpv96  high spatial variability of fractions within a year makes mean

differences insignificant as is shown in Fig. 9.

Endmemiber fractions (%)

greenstone serpentine chaparral deciduous evergreen

E. Change Detection Using Unmixed Fractions
Fig. 9. Differences between mean unmixing fractions in 1996 and 1998
calculated for each vegetation community. Error bars represent one standard N€ percentage change between 1996 and 1998 was calcu-

deviation for the fraction distribution within each vegetation polygon and yedated for normalized fractions for all vegetation types. To eval-
uate significant changes in unmixed fractions, a threshold of
affected by the increased rainfall in the wet year. Dry grasse standard deviation was set. Mapped significant changes be-
fractions were lower in the wet year than in the dry yeatween years are shown in Fig. 10. Increases mean higher frac-
However, the sum of green and dry vegetation fractions in baibns occurred in 1996 compared to 1998. In general, significant
years remained constant. This could indicate that changescimanges in plant communities (other than grasslands) are from
community composition between dry and wet years is greatgther increases in green vegetation fractions and corresponding
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Fig. 10. Significant changes in green vegetation (GV), dry grass, and soil fractions between 1996 and 1998. Black areas correspond to decgasessind gr
to increases in the wet year (1998) relative to the dry year (1996).

decreases in soil fractions or vice versa. Evergreen forest comFrom among these vegetation communities, grasslands are
munities did not show any change between years. In some artbes most plastic in their response to climatic variability, and
of the deciduous forest, green vegetation fractions decreaspéctral changes might be responding to changes in grassland
and soil fractions increased in the wet year. One explanatistiucture as well as abundance. LAl and growth plasticity in ev-
for this contra-intuitive result might be due to delays in the phergreen and deciduous forests are less responsive than grass-
nological cycle of this vegetation type, leading to later peaks lands to differences in interannual rainfall as they have access
biomass [36]. Chaparral vegetation shows the greatest intertmwater layers at deeper soil depths. In chaparral communities,
nual change after the grasslands, and shows both increasesmost changes are explained by annual grasses growing within
decreases in different pixels. This irregular pattern may be a the shrub communities.
sponse to variable grass abundance within the mapped chaparrahprovements in the performance of the AVIRIS instrument
areas. only partially explain the better fithess of the SMA model
Grasslands show the most significant changes in green vag-1998 with respect to 1996. Nonlinear scattering due to
etation and soil fractions between years. The patterns are camnescing vegetation and high green cover of highly transmit-
plex and spatial trends are not always correlated. Thus, in tiveg foliage also affected the results. Including an additional
wet year, green vegetation fractions increase in most pixels lemdmember in the grasslands improved the fit of the SMA
decreases in other pixels are common. Soil fractions maimyodel. The results from the change detection analysis of
decreased between 1996 and 1998. However, in the wet yeagetation at JRBP demonstrate the importance of performing
dry grass fractions never increased but either decreased orsite-specific and community-specific analyses to characterize
main unchanged. When NPV fractions decreased, soil fractiomsgetation structure. Although linear SMA provides relatively
in general, tend to decrease too and green vegetation fractigned characterization of the general landscape conditions,
showed a corresponding increase. the model is not flexible enough to accommodate the range
of natural vegetation variability throughout the landscape.
To fully characterize ecosystem structure, it is necessary to
account for changes in bidirectional reflectance (BDRF) in the
Linear SMA of AVIRIS data is appropriate to capture some afubpixel components since multiple scattering overestimates
the complexity of ecosystem interrelations and landscape spatied results from a linear scattering model. Addressing this
heterogeneity in a semiarid grassland. Subtle changes in vegsearch direction will require the use of radiative transfer
tation structure between dry and wet years can be detected. Bedels that are based on parameterizing leaf optical properties,
cause pixel heterogeneity within vegetation types is high, meand vegetation structure and are used to invert hyperspectral
differences between years for a vegetation type are not signiftages. In addition, an increase in the temporal coverage
icantly different. However on a pixel basis, significant differof hyperspectral data is needed to track phenological events
ences in fractional abundances are detected between coregidifferent vegetation communities and will provide better
tered images. understanding of vegetation dynamics.

V. CONCLUSIONS
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