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Abstract—Information of vegetation dynamics derived from measurements. However, the MODIS 8-day composite surface
remotely sensed data is essential for regional natural resnce reflectance product (MODOQ®3) [2] retains the specific date
management. A common approach involves using am-day fom which a pixel’s value was taken (hereafter referred to

composite time-series of normalized difference vegetatioindex date st d t tunity to ci th
(NDVI) satellite data for estimating vegetation phenology The as date stamp) and presents an opportunity to circumvent the

Composite method was introduced to deal with pr0b|ems asso- a.forementioned introduced errors. The current VerSiOFhef t
ciated with cloudy and noisy data but could possibly obscure TIMESAT program is unable to make use of this date stamp
the fine-scale timing of vegetation processes like leaf outnd since its algorithms assume uniform temporal steps between

leaf drop, which can occur suddenly, often within a few days. ; At ;
Moreover, different methods for smoothing the NDVI curves dso NDVI data points (e.g. 10 days). The objectives of this paper

influence the accuracy of the vegetation parameters extraetl are

from them. We investigate the difference between 8-day eqlia 1) to create four phenological curves using standard
interval (standard composite data) and 8-day date-specifibiDVI MVC and date-stamp adjusted MVC, and two different
data in their ability to extract phenological metrics of interest smoothing algorithms,

for ecologists and land managers. We also compare two diffent . . .
filtering algorithms - the Savitsky-Golay and the Gaussian 2) to extract key phenological metrics of interest for ecol-

filtering algorithms. Results from a typical savanna systemin ogist and land managers from these curves, and

South Africa show that the Savitsky-Golay technique with dae- 3) to compare these metrics with those derived from field-

specific NDVI values is the best method. data to derive a method that is both computationally
| INTRODUGTION tractable, and sufficiently accurate for use in a range of

systems.

Time-series of coarse resolution satellite data contain i? , Y h d ing data f tem |
dispensable information on the function and phenology othls research was done using data from a savanna system in
regional vegetation cover. Understanding the seasoni@rpat squthern Africa, which is prone to mter_-annual variaii

: L . : . rainfall and sudden changes in vegetation cover.
of vegetation activity is essential to (i) the charactefisa
of vegetation, (ii) studying the impact of climate change an
inter-annual variability, (iii) monitoring land degradat and
(iv) detecting changes in land use/ land cover. A number of There are two steps to extracting date-specific phenology
methods have been deve'oped to extract Seasona”ty pmépetrics from an NDVI profile. F|rSt|y the time-series must be
from long-term satellite data. The TIMESAT [1] softwardiltered to create a smoothed phenology curve and then \@riou
program is the most advanced, widely-used and user-fiendtlgorithms are applied to the curve to compute metrics for
However, the standard TIMESAT product might not be appr@henology description e.g. green-up date, maximum NDVI,
priate in systems that show great inter-annual and intrasain l€ngth of growing season.
variability, such as those found in southern Africa. Vagou o , ,
alternative methods are assessed in this paper to invmtig%( Filtering of noisy NDVI profiles
whether they provide any increased functionality over the In the TIMESAT program, Jonsson and Eklundh [1], [3]
TIMESAT method for semi-arid and tropical systems. implement three different methods based on least-squares fi

Daily satellite data are routinely combined intedaily ting: Savitzky-Golay filtering, a combined polynomial arath
maximum NDVI value composites (MVC) to reduce the effeanonic basis function fit and a least-squares fit to asymmetric
of clouds and the atmosphere, which both typically redu&@aussian functions. These methods use years to deterngine th
NDVI values. A significant amount of noise neverthelesshape of the current year’s curve, which could be problemati
remains in the MVC data. The MVC process inevitably intron environments with large variation in the magnitude anutti
duces an undetermined error of Oriadays when estimating ing of vegetation growth. We implement the Savitsky-Golay
date-sensitive phenological parameters such as the géatt, filtering as well as Gaussian filtering, which we hypothesise
and end of the growing season. This makes it very difficuthight perform better in variable environments and with non-
to correlate these dates with in-situ vegetation or climaézual date stamps.

Il. METHODOLOGY
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Fig. 1. Gaussian filtering Fig. 2. Savitsky-Golay filtering

A maximum filter is first used to perform pre-filtering ofwhere _
noisy data. This step is necessary in order to remove sharp {—1 if z; —pu <0

. ) . L = 4
downward spikes that we can attribute to noise. Missing “)
data is interpolated linearly. Our dataset contained vittlg | Th ; d the standard deviati q
missing data and they occurred within short intervals ofetim € patr_arrl1e e;sthandutare . ? sn?n ard deviation and mean,
(usually 1 timestep). Thus, complex data interpolation nats reﬁ_r;]ec geyt' i Gel a?_lfo!n S .th dis d dent th
implemented at this point in time. i et abV't\SNy' (zjaty : (?rltng rr?e 'Ot IS Ietpen en Ionb €
1) Gaussian filtering:The Gaussian filter is a spatial filter |me? ep He eenth ata E’.O'n StW en_|”n ef;potatrllng atpo %’%T'
that is used to smooth a signal [4]. It uses a “bell—shapepimc.'on' enc(:je, esc(aj ;rr?es €ps Wlt a ect_ et 0(;’ pl.J” del
kernel that represents the shape of the Gaussian. The #S“”g procedure an € parameters estimated will mode
. the data in terms of the timesteps. Figure 2 shows a noisy
Gaussian has the form . . :
NDVI profile with the Savitsky-Golay output overlayed.

+1 otherwise

1 22
g(z,0) = o P (‘ﬁ) (1) B. Extraction of phenological metrics

. L B " The exact metric extracted from the phenology curves
Wher_ea IS the standard_dewgtlon of the beII—shape ' Th%lepends greatly on the algorithms used. TIMESAT uses a
1D signal is convolved with this kernel (in normalized form)threshold approach to green-up detection (the date when the
The Gaussian filtering method works independently of t DVI value increases above a certain distance from the
timesteps i.e. the spacing between time-stamps does mmaminimum or maximum values [3]), which works well in
the output of the filter. Figure 1 shows a noisy NDVI profile '

. R Systems with very predictable minimum and maximum NDVI
with the Gaussian filtering output overlayed. . . .
. oo values but could give odd behaviour in a drought year, for
2) Savitsky-Golay filteringThis method smoothes and AP example. Similarly, the total annual production (area urde
proximates data by replacing each datavalyé =1,..., N pe. Y, b

i ) . curve) is very sensitive to the definition of the minimum alu
where N is the number of data points) with the value of an , .
: ; . o . Moreover, there are some parameters, such as the 'pedkiness
approximated function at that point. The function is a ga#dr ; .
L . . . . of the phenology curve (amount of intra-annual fluctuation)
polynomial fitted to the set of point& in a moving window that are not considered by the standard TIMESAT program. We
centered atr;. The width of the window controls the degre y Prog

. . L %ave developed a range of algorithms for extracting 9 neetric
of smoothing. The quadratic polynomial is . . o g
of interest for researchers in semi-arid ecosystems:
f(t) = c1 + cot + c3t? ) The algorithms were developed with the assumption that the

seasonal signals are unimodal (i.e. only one green-up afd le
where{cy, ¢z, c3} are coefficients defining the polynomial. Wery|| per year). This assumption might not hold true in all sem
fit the abovementioned function using a weighted least &puagyig areas, but the expectation is that other metrics, ssch a
estimate (LSE) algorithm. Weights are computed so that thg ‘peakiness’ metric discussed earlier, would provideug
LSE algor?thm is driven towards being asymmetrically bih_s‘ﬂnformation to interpret the phenology of these ecosystems
so as to fit the upper envelope of NDVI values. The weight First the NDVI profile is split into year objects defined by
(w;) for a data pointz; is derived from [5] and computed asthe growing season (in southern Africa, from July 1 to June 30
follows: ) of the following year). Thereafter, for each year, the maxim
w; = L exp <S<~’Cz — H) ) A3) NDVI value and its date of occurrence are determined. In the
V20 o next step, we compute a "left” minimum value and its date




Basic phenological metrics

A Maximum value

to 1.0. These parameters ensure a close approximation of the
original signal and also fit the upper envelope of data points
The n-timestep moving average was computed using 4.

Ill. EXPERIMENTAL RESULTS

Leaf fall

Experiments were conducted on time-series NDVI data from
the Skukuza area in the Kruger National Park, South Africa
(-25.02 S, 31.49 E). The data spanned the 2005/2006 growing
year. The four smoothed curves produced were compared with
phenology data collected in the field for the growth year
2005/2006. Weekly measures of tree greenness were callecte

> by classifying the amount of leaves on ten randomly selected
individuals of the four major tree species on a scale of 0 (no
leaves) to 5 (fully green). This was then normalised to give a
value between 0 and 1. Monthly measures of grass greenness
were collected by clipping forty nine 1rilm quadrants. The
samples were weighed before (wet biomass) and after drying

by scanning the data between the maximum of the previo‘.ﬁjsry biomass), and the greenness of the grass calculated as
year and the current year. A "right” minimum is also computed

(wetBiomass — dryBiomass) 5
using the current year and following year. Thus, we now have, wetBiomass )

for each year, amaximum_value and left and right bounds f@jiich also gives a value between 0 and 1. The cover of
computing seasonal metrics. These values are then useqid@n tree species was measured using a densiometer and
compute the various phenological metrics for each year. e jandscape greenness was then calculated by summing the
The 9 metrics (some shown in Figure 3) extracted are: greenness value of each component, modified by the fraction
1) Minimum value: minimum value on the smoothed NDVbf the landscape that it covered.
curve for that year. Once the four sets of phenological metrics were produced
2) Date of minimum value. they were compared with metrics manually extracted from
3) Maximum value: maximum value on the smoothethe time series by three ecologists familiar with the ecosys
NDVI curve for that year. tem. This was considered 'reality’ and the accuracy of each
4) Date of maximum value. smoothing algorithm and data type were tested by deteriginin
5) Green up date (start of the growing season): the threshe difference between 'reality’ and each method for each
old method is used. When the smoothened curve crossestric. Some methods worked better for certain metrics than
a value 10% greater than the difference between thsr others. To determine the overall best method we norexdlis
maximum and the "left” minimum value for that year.all differences to a percentage of the total possible difiee
it is assumed to be green up day. for each metric: 365 days for the date metrics, 0.8 for the
6) Leaf fall date (when trees start losing their leaves): theéDVI metrics and 24 for the NPP metric i.e. a difference
date when the maximum NDVI value has decreased greenup dates of 30 days was considered to be 30/365*100
by 10% of the distance between itself and the "righthercent accurate and a difference in maximum values of 0.005
minimum value. was considered to be 0.005/0.8*100 percent accurate. The
7) Date of start of dry season: defined similarly to greenupverall accuracy of each method was then calculated as the
using the maximum NDVI value and the "right” mini- average percentage accuracy over all metrics.
mum value. Table Ill presents the error rates and average error rates
8) Length of growing season: this is the difference betweésr each smoothed NDVI profile when computing the met-
green up date and start of the dry season. rics. Differences from the “true” metrics are reported as a
9) Net Primary Productivity (NPP): this is the integrapercentage of maximum possible error to make the accuracy
under the NDVI curve. Due to the contribution of baref the date metrics comparable with the accuracy of the NDVI
soil to NDVI, a value of 0.1 instead of 0 was used agmetrics. The date stamp data, smoothened using the Savitsky
the minimum NDVI value (zero production). Golay method, produces the least inaccuracy (19.8%). If the
_ same Savitsky-Golay filter is applied to the composited ,data
C. Algorithm parameters it generates the worst accuracy (25.4%). This implies th#t d
The parameters specified for the different algorithms westamp time data is more accurate than composited time data fo
established from empirical results. The pre-filtering ailpon computing seasonal metrics (when using the Savitsky-Golay
works on a radius of 1 pixel. In the case of the Savitskynethod). In the case of 8-day composite time intervals, the
Golay filter, we use 7 data points to interpolate the functiomost accurate extraction of metrics (22.8%) is almost theesa
and a polynomial of order 2. The Gaussian filter has sigma et the worst case scenario whens using date stamps (23.1%).
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Fig. 3. Some basic phenological metrics
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Metric 8-day composite (G)| 8-day composite (SVG) Date stamp (G)| Date stamp (SVG)| Average
Max value 0.0 0.0 0.0 0.0 0.0
Max value date 14.8 23.2 16.7 14.7 17.3
Minvalue 0.0 0.0 0.0 0.0 0.0
Minvalue date 55.0 47.3 56.3 12.2 42.7
Greenup date 26.8 27.8 27.7 32.3 28.7
Leaf fall date 40.2 50.5 40.7 56.3 46.9
Start of dry season 23.3 26.0 26.2 23.8 24.8
Length of growing season 42.2 51.5 37.5 36.8 42.0
NPP 2.8 2.4 2.8 2.4 2.6
Average error (over metrics 22.8 254 231 19.8 22.8

TABLE |

ERROR RATES(%) FOR THE GAUSSIAN (G) AND SAVITSKY-GOLAY (SVG) OUTPUTS

IV. FUTURE WORK of algorithms that compute phenological metrics by as much

The work presented in this paper shows a promising aps 5.6%. On average, the Sq\_/itsky-GoIay filter will improve
proach to improving the accuracy of automatically extractdhis accuracy by 3%. In addition, we have also shown that
phenological metrics by using date stamped date. The fifd¢ Savitsky-Golay filtering method works better than the
results presented here are based on a single growing sedggHssian filter.
and it is envisioned that the data set will be expanded so REFERENCES
that longer time-series are introduced and processed. tHowe ] P. Jonsson and L. EKlundh, “TIMESAT - & program for anigztime-
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V. CONCLUSION [5] J.F. Hermance, R.W. Jacob, B.A. Bradley and J.F. Mustétdtracting

The results presented in this paper demonstrate that the LISé)henological signals from multi-year AVHRR NDVI time sesid=rame-
work for applying high-order annual splines with roughndampening,”

of actual date stamped NDVI data can improve the accuracy i press.



