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ABSTRACT

The use of satellite data products produced by the National Oceanic and Atmospheric Administration
(NOAA) and the National Aeronautics and Space Administration (NASA) was explored to determine
if these products could be used to provide plant growth model output for large landscapes. The use of
satellite-derived data is generally advantageous because it is spatially dense (i.e., many measurements
for a large landscape). Gridded daily temperature (0.1 x 0.1 degree) and rainfall (8x8 km), derived from
the METEOSAT satellite, were used as inputs into the PHYGROW plant growth model for 30
pastoral households in southern Kenya. After model runs were completed, cokriging was used to
determine if model output, coupled with NASA’s Normalized Difference Vegetation Index (NDVI)
product (a greenness index), could be used to create forage production maps for a large landscape.
Cokriging is a geostatistical technique that allows one to take advantage of spatial autocorrelation (i.e.,
things closer together in space are usually similar than those farther apart), and the similarity between a
small number of data points (model output in our case) and a one that is spatially dense (NDVI).
Using cokriging, the majority of ten-day averages for year 2000 had moderate to high similarity
between model output and NDVI. A comparison of model output and estimates from cokriging
indicated that cokriging generally did a good job of estimating forage available for the 30 pastoral
households. Mapped surfaces of the cokriging output successfully identified areas of drought in year
2000. Institutions at all levels could use these mapped surfaces as part of their GIS, which can then be
linked to economic models, natural resource management assessments, or used for drought early
warning systems.

INTRODUCTION

The ability to characterize the productivity of vegetation over large landscapes can be an important
component of analyses to assess drought impacts, natural resource management options,
environmental degradation, and economic impacts of changing technologies. Assessment of
vegetation productivity over large landscapes in Africa has generally not been conducted on a historical
basis. In many areas, the amount of time and resources required to do this type of assessment would
tax the already limited budgets of the regional agricultural agencies. Therefore, the use of biophysical
simulation models, driven by daily climatic variables (either historical or near real-time), may provide
the means to accurately predict vegetation conditions. A problem with many simulation models is that
most provide simulation output for a specific point. Ideally, one would want to simulate as many
points as possible, but because climatic data for many areas is sparse, this may not always be a viable
option.
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However, in the case of gridded data such as the daily rainfall estimates for Africa provided by NOAA
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(8km x 8km grid cells) the data can be so dense that the amount of time required for parameterization
and computation for detailed biophysical modeling makes this option impractical with current
computing power. Interpolation methods, such as ordinary kriging, or cokriging may allow the
biophysical model simulations to be done for a minimal number of points, and then a surface map of
the simulation output could be created for a region. These surface maps could then be used in any
type of analysis that requires spatially explicit vegetation production across a region.

As an interpolation method, ordinary kriging can provide estimates for unknown points by using the
weighted linear average of the available samples (in this case model simulation output) (Rossi et al.
1994). Kiriging is often described as the Best Linear Unbiased Estimator (B.L.U.E.) (Isaaks and
Stivastava, 1992). It is "best" because the variance of the etrors is minimized, linear because the
estimates are weighted linear combinations of the sample data, and unbiased in that the average error is
equal to zero. Cokriging offers additional advantages over ordinary kriging. It involves the use of a
secondary variable (covariate) that is cross-correlated with the primary or sample variable of interest.
The secondary variable is usually sampled more frequently and regularly (Isaaks and Srivastava, 1992),
thus allowing estimation of unknown points using both variables. This can aid in minimizing the error
variance of the estimation (Isaaks and Srivastava, 1992).

The objective of this project was to evaluate the use of cokriging to create surface maps of forage
production in Southern Kenya. The primary variable to be used in the evaluation will be simulation
model output (total forage available for cattle) from the PHYGROW simulation model for a limited
number of points (actual households) in Southern Kenya. Along with the primary variable, the
Normalized Difference Vegetation Index (NDVI, a greenness index) product from NASA for the
region will be used as a secondary variable in the cokriging analysis. The results of the analysis will be
evaluated to determine if this methodology can be useful for providing spatially explicit estimates of
forage production over a large landscape.

METHODS

Study Area

The area of interest for this project was the major pastoral region in Southern Kenya (Figure 1).
Thirty unique pastoralist households (Figure 1) were chosen for this study. Plant community data,
livestock stocking rates and movement rules, and soil data was gathered at each site for
parameterization of the simulation model.

Simulation of Total Forage Available

The PHYGROW (Phytomass Growth Simulator) (Rowan 1995) model was used to derive the total
forage available for cattle at each of the 30 households (simulation points) in Southern Kenya.
PHYGROW is a hydrologic-based plant growth model that can simulate the growth of multiple plant
species being grazed by multiple grazers for a specified ecological site or designated plant community
having the same soil and weather features. PHYGROW simulates differences in ecological sites by
varying the composition of the plant community, soil, grazer and weather parameters. Fach plant
community is composed of its major plant species, with each plant characterized by physiological
response to weather, soil conditions, and grazing pressure. Biomass production and water balance are
calculated daily for each site as a function of intercepted radiation, precipitation, and temperature.
Plant community dynamics (growth, turnover, consumption, decay, and competition) progress with
each day simulated, influencing forage production and water balance of the site.

Rainfall data used in the PHYGROW simulations for each georeferenced household was extracted
from the satellite-derived NOAA daily rainfall estimate archive
(ftp.ncep.noaa.gov/pub/cpc/fews/newalgo_est/). The grid cell size for this data is 8§ km x 8 km.
The NOAA rainfall estimates are derived daily for a large portion of Africa using an algorithm that
combines METEOSAT 7 cold cloud duration data, weather station data, relative humidity and wind
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data (Herman et al. 1998). Minimum and maximum temperature for each household was extracted
from another satellite-derived NOAA product
(ftp.ncep.noaa.gov/pub/cpc/fews/daily_gdas_aves/tmin/ and
ftp.ncep.noaa.gov/pub/cpc/fews/daily_gdas_avgs/tmax/, respectively). The grid cell size for this
data is approximately 11 km x 11 km.

PHYGROW simulations for each household were run for the period from Jan 1, 2000 to December
31, 2000. The output was then compiled to calculate average forage conditions for a household on
each dekad (a dekad is defined as 10 —13 day period with 3 dekads in each month) during year 2000.
Dekad averaging was chosen because this matched the way the NDVI data product is processed by
NASA. Thus, the dekadal total forage available served as the primary variable in the cokriging
analysis.

Normalized Difference Vegetation Index Data

NDVI data were chosen as the secondary or covariate data to determine if it would be feasible to use
for cokriging analysis. NDVI is derived from data collected by NOAA Advanced Very High
Resolution Radiometer (AVHRR) satellites, and processed by the Global Inventory Monitoring and
Modeling Studies (GIMMS) at NASA. It is available to the public on the Africa Data Dissemination
Service website maintained by the United State Geological Services (USGS) Earth Resources
Observation Systems (EROS) data center (http://edcintl.cr.usgs.gov/adds/adds.html). The NDVI
product provides a measure of the amount and vigor of vegetation at the land surface. The magnitude
of NDVI is related to the level of photosynthetic activity in the vegetation seen by the satellite.
Generally, higher values of NDVI indicate greater vigor and amounts of vegetation, thus making it an
ideal candidate for cokriging of biophysical model output. NDVI is a nonlinear function that varies
between -1 and +1. Values of NDVI for vegetated land generally range from about 0.1 to 0.7, with
values greater than 0.5 indicating dense vegetation. Dekadal (10-day composites) NDVI images of
Africa have been produced since 1982 for the entire continent of Africa. The data are spatially dense
with a grid cell size of 8km x 8 km

Co-kriging Analysis

Cokriging on the total forage available (primary variable) and NDVI (covariate) across the region were
conducted using the GS+ software package (Version 5.1f, Gamma Design Software). The
semivariance analysis module of the software was used to calculate the variogram models for total
forage available, NDVI, and the cross semivariance between total forage available and NDVI. The
resulting variogram models were then used in the kriging module of the software to develop the
cokriged surfaces, and the cross validation analysis. The cokriged surface outputs were imported into
ArcView software for the development of forage production maps.
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Figure 1. The location of pastoral areas and households in Southern Kenya where cokriging analysis
with PHYGROW model output and NDVI was tested.
RESULTS AND DISCUSSION

Correlation Analysis

One of the first steps in assessing the feasibility of cokriging using NDVI as a secondary variable with
model output was to examine whether a relationship existed between the two variables. A Pearson’s
correlation analysis was conducted using the 10-day average forage production for each given dekad
versus the NDVI for the same dekad or the previous dekad. Results of the correlation analysis
indicated that for the majority of the dekads in year 2000, the 10-day average total forage available
across the 30 household points had a similar pattern to that of NDVI at these same household points
(Table 1). For several of the dekads evaluated, NDVI for one of the previous dekads was more highly
correlated to total forage available than NDVI during the dekad being evaluated (Table 1). This may
indicate that plant growth in the PHYGROW model lags behind actual greenness at the observation
points. Vegetation in many of these areas will green up very quickly after rainfall, but this doesn’t
always equate to large increases in plant biomass.
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Cokriging Analysis

Cokriging analysis requires three major steps before maps can be created. These include semivariance
analysis for the primary variable (in this case, total forage available for cattle), semivariance analysis for
the secondary variable (in this case, NDVI) and cross semivariance analysis. Semivariance analysis for
both the primary and secondary variable allows one to assess the dissimilarity of data points to the
distance (spatially) that separates them (Johnston et al. 2001). In doing this, one can determine the
degree of spatial autocorrelation (i.e., points closer together are more similar than those far apart and
are not independent) and model the spatial relationships in the dataset (Figure 2).  The
cross-semivariance analysis is similar to semivariance analysis, but the spatial relationship between two
variables is examined rather than one. In both the semivariance and cross-semivariance analysis, a
mathematical model is created that captures the spatial relationship. Statistics can be calculated from
the mathematical model to determine how well the spatial relationship has been explained (Figure 2).

Once the semivariance analysis is completed, cokriging using the semivariance models can be
conducted. This analysis will create a surface map of the primary variable. To assess how well the
cokriging analysis predicts values at unknown locations within the mapped surface, cross-validation
analysis is used. In cross-validation analysis, each measurement for a household in the area of interest
is individually removed from the domain and its value estimated via cokriging as though it were never
there. This allows one to compare the actual versus the estimated values for each household. A linear
regression is then done to determine how much of the variability in the household forage values
simulated by PHYGROW are explained by the cokriged estimates. The higher the r2 of the linear
regression, the more variability that is explained and thus, the more successful the cokriging model is at
predicting unknown points.

Since the majority of the dekads examined in this study had moderate to high correlation between the
forage and NDVI, four dekads were selected for further discussion in this paper to alleviate
redundancy. These dekads were as follows: 1) February, Dekad 2; 2) May, Dekad 1;

Table 1. Results of correlation analysis (r) to determine if a relationship existed between the
PHYGROW model output (primary variable) and NDVI. Correlation analysis was conducted for total
forage available for cattle for each simulation dekad (10 day average) versus the NDVI

value for the same dekad or previous dekad. Shaded dekads below were selected for detailed review
for this paper. Correlations marked with a “*” indicate statistical significance (a=0.05).

Simulation Dekad Correlated NDVI Dekad Correlation (r)
January, Dekad 1 January, Dekad 1 0.545*
January, Dekad 2 January, Dekad 2 0.734*
January, Dekad 3 January, Dekad 3 0.812*
February, Dekad 1 February, Dekad 1 0.843*
February, Dekad 2 February, Dekad 2 0.857*
February, Dekad 3 February, Dekad 3 0.811*
March, Dekad 1 February, Dekad 3 0.804*
March, Dekad 2 March, Dekad 2 0.765*
March, Dekad 3 March, Dekad 2 0.774*
April, Dekad 1 April, Dekad 1 0.624*
April, Dekad 2 April, Dekad 2 0.669*
April, Dekad 3 April, Dekad 3 0.822*
May, Dekad 1 April, Dekad 3 0.832*
May, Dekad 2 May, Dekad 2 0.696*
May, Dekad 3 May, Dekad 3 0.807*
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June, Dekad 1 May, Dekad 3 0.800%*
June, Dekad 2 May, Dekad 3 0.787*
June, Dekad 3 June, Dekad 3 0.475%
July, Dekad 1 July, Dekad 1 0.665*
July, Dekad 2 July, Dekad 1 0.047*
July, Dekad 3 July, Dekad 3 0.441%*
August, Dekad 1 August, Dekad 1 0.526%*
August, Dekad 2 August, Dekad 2 0.630%*
August, Dekad 3 August, Dekad 3 0.744*
September, Dekad 1 August, Dekad 3 0.719%*
September, Dekad 2 September, Dekad 2 0.788*
September, Dekad 3 September, Dekad 2 0.773%*
October, Dekad 1 October, Dekad 1 0.699*
October, Dekad 2 October, Dekad 2 0.827*
October, Dekad 3 October, Dekad 2 0.795*
November, Dekad 1 October, Dekad 3 0.565*
November, Dekad 2 November, Dekad 2 0.438*
November, Dekad 3 November, Dekad 2 0.265

December, Dekad 1 December, Dekad 1 0.035

December, Dekad 2 December, Dekad 1 0.112

December, Dekad 3 December, Dekad 3 0.066

Semivarince Analysis and Model for NDVI, February Dekad 2

0.0123 1

0.0092 -

0.0031

Semivariance for NDVI

0.00611 4

K Rﬂlgeﬂfspaﬁﬂl

dependence

0.0000
0.00

125000.00 250000.00 3¥2000.00 S00000.00

Separation Distance (meters)

Exponential model (Co = 0.0038; Co + C= 0.0122; Ao = 95000.00; rZ = 0.967;

RSS = 9.358E07)

Figure 2. An example of a semivariance model used in the cokriging analysic of NDVI. The gray shaded
area depicts the range of spatial dependence for NDVI in this dataset. Points heyond this distance are not
similar and canbe described as random. In this example, an exponential model function was used to
capture the spatial autocorrelation and was successful in explaining the spatial dependence as indicated by

the high ¥ of 0.967.

3) July, Dekad 2 and 4) October, Dekad 3. These dates were chosen to reflect the change in total
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available forage that occurred over this time period. The semivariance models and cross-validation

results for each dekad will be discussed below.

February 2000, Dekad 2. For the households simulated in Southern Kenya for the second dekad in
February 2000, total forage available for cattle ranged from 1,466 to 4795 with an average of 3085
kg/ha. The semivariance analysis model for total forage available did an excellent job of explaining the

spatial variability in the total forage available for the 30 households across the landscape (r2 = 0.90).
The semivariance analysis for NDVI (same dekad) had similar results (r2 = 0.96). This resulted in the
cross-semivariance model having a high r2 (0.83). Since the cross- semivariance model explained a
large degree of spatial variability between forage and NDVI across the landscape, then the quality and
reliability of the surface map should be good. The resulting interpolated surface (Figure 3, February
2000 Dekad 2) captured the range of total forage available output by the model. The cokriging
analysis did a good job of predicting total forage available for the simulation points. The
cross-validation regression showed a very reasonable correspondence between cokrig-estimated total
forage available and the PHYGROW simulated total forage available for the household points (Figure

4, 12=().78, standard error of prediction=495 kg/ha)

February 2000, Dekad 2

May 2000, Dekad 1

July 2000, Dekad 2

Total Forage Available (kg'ha)
R Depleted (< 300 kyha)
| Sesvere (300 to 600 ka/ha)

Poor (600 to 1000 kg/ha)

Fair (1000 to 1500 kg /ha)
I Good {1500 to 2500 kgha)
I very Good (2500 to 3500 kgha)
B Excellent (-3500 kg ha)

+ Households

October 2000, Dekad 3
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Figure 3. Maps depicting total forage available for catile (kg/ha) generated by the cokriging analvsic for selected
dekads (10 day periods) during year 20 in Southern kenya.
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Figure 4. Cross-validation results for the compatison of colriged detived estitmates of total forage
available versus the actual PHYGROW sirmalated total forage available for dekad 2 in Febraary 2000,
Cross-validation madel r* and standard errar of prediction [BE (Y] ate given.

May 2000, Dekad 1. Average total forage available for cattle during the first dekad in May 2000
ranged from 1055 to 3379 kg/ha with an average production across the 30 simulation points of 2065
kg/ha. This was an almost 1000 kg/ha decrease in total forage available since dekad 2 in February

described above. The semivariance analysis model for total forage available had a moderately high r2
(0.77) indicating that the semivariance model explained a large proportion of the variability in total
forage available across the landscape. The semivariance analysis for NDVI (last dekad of April) was
not quite as successful (12 = 0.57). However, the cross-semivariance model explained a higher
proportion of the spatially variability (2 =0.81) than the total forage available and NDVI semivariance
models individually. As discussed previously, the greater the proportion of spatial variability explained
by the model, the higher the quality of the cokriged surface (Figure 3, May 2000, Dekad 2). The
cross-validation regression showed a high degree of similarity between the cokriged estimates and the

model simulated total forage available for the 30 household points (Figure 5, t2=0.79, standard error
of prediction=321 kg/ha).
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July 2000, Dekad 2. Total forage available for households simulated in Southern Kenya for the
middle dekad in July 2000 ranged from 771 to 2798 kg/ha with an average of 1729 kg/ha. These
amounts were around 300 to 350 kg less than that during early May. Both total forage available and
NDVI (July, Dekad 1) exhibited a high degree of spatial autocorrelation and the semivariance models

were successful in capturing the variability in each of these across the landscape as seen in the high 2
values for the models (0.71 for total forage available and 0.92 for NDVI). This indicates that there
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Figure 5. Crossvalidation results for the comparison of cokriged derived

estimates of total forage available versus the acitual PHY GROW simulated
total forage available for delad 1 in May 2000, Cross -valilation model ¥ and

standard errvor of p rediction [SE (Y )] are given.

was a higher degree of spatial autocorrelation among the household points during this period.
Semivariance analysis for NDVI covariate (first dekad of July), using the same lag interval, also had

good results (r2 = 0.92). This high degree of spatial autocorrelation for both variables resulted in the

cross-semivariance model having a high r2 (0.83), thus improving the reliability of the cokriged map
(Figure 3, July 2000, Dekad 2). The cross-validation results were similar to those discussed previously

for the other dekads (Figure 6, 12=0.77, SE prediction=343 kg/ha).

October 2000, Dekad 3. Total forage available for households simulated for the last dekad in
October 2000 ranged from 412 to 2607 kg/ha with an average of 1128 kg/ha. These amounts were
around 200 to 500 kg less than that during mid-July. The semivariance model for this time period was
able to explain a large portion of the spatial variability in total forage available among the 30
households (model 2 =0.84), and the model for the NDVI covariate did an even better job, explaining
almost all of the variability in NDVI across the landscape (model 12 =0.99). The cross-semivariance
model for total forage available and NDVI also did an excellent job of explaining the spatial variability

(mode 12 =0.97) resulting in a cokriged surface that clearly delineates differences in forage across the
landscape (Figure 3, October 2000, Dekad 3), especially those that are susceptible to severely low
forage conditions (300 to 600 kg/ha). The cross-validation regression showed a similar lower degree
of correspondence between cokrig-estimated total forage available and the simulated total forage

90f 13

7/8/2005 9:59 AM



Use of Satellite-Derived Data to Improve Biophysical Model Output: An...

10 of 13

available for the household points (Figure 7, 2=0.70, SE prediction=329 kg/ha) as that seen in the
previous periods.

DISCUSSION

3000

Cross Validation - July 2000, Dekad 2 . -

2500 -

2000 A

PHYGROW Simulated Total Forage Available (kgha

1500 A
o L ]
1000 y=09142x+ 120.53
* . R =077
SE (¥) =343
500 A
I] T T T T T
0 500 1000 1500 2000 2500 3000

Cokrig Estimate of Total Forage Available (kg'ha)

Figure 6. Crogs-validation results for the comparizon of cokriged derived estimates of total forage available wersus
the actual PHYGROW sitmulated total forage available for dekad 2 in July 2000, Croszs-walidation model # and

standard error of prediction [SE (V)] are given.

For the majority of the dekads reviewed in this analysis, the total forage available output from the
PHYGROW model was correlated with NDVI at the household points. Cokriging was successful in
creating surfaces maps that provided spatially explicit estimates of forage production across the
landscape and these estimates appeared to be reasonable when evaluated with cross validation.
Interviews with regional specialists indicated that these maps captured the changing forage conditions
that occurred in the region.

Maps such as these can have tremendous value for drought early warning, natural resource impact
assessments, and environmental degradation. In the case of drought early warning, cokriged maps
could be created on a near real time basis, thus allowing users to identify areas susceptible to drought.
The maps in Figure 3 provide a time series that clearly show areas that may be susceptible to low
forage conditions due to drought, overgrazing, or a combination of these factors. Also, the use of
spatially explicit climate data served by NOAA on a daily basis to drive the PHYGROW model (or any
other biophysical model), coupled with the NDVI data that is served by NASA every 10 to 13 days,
makes near real time compilation of these maps a reality. These maps could then be disseminated to
various levels of government, responsible agencies, NGO’s, and to the pastoralists grazing in the
regions, thus providing them with information to improve decisions regarding livestock and people.
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Cross Validation - October 2000, Dekad 3
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Figure 7. Crozz-validation results for the comparizon of cokriged derived estitmates of total forage available
versus the actual PHYGROW simalated total forage available for dekad 3 in Oetober 20000 Crozs- walidation
model ¥ and standard error of prediction [BE (V)] ate given.

With regard to natural resource impact assessment and environmental degradation, cokriging may be a
viable option for assessing the impact of changing technologies or changes to landscapes over time.
Historical climate data for weather stations in a region could be used to drive the biophysical models,
and if the output is correlated with NDVI for the region, spatially explicit maps of changes in
vegetation over time could be developed. This method could offer advantages over the traditional
method of assigning point based model output to homogenous land units such as soil type (Bouman,
1995) because the increased spatially variability brought about by the smaller scale unit of the NDVI
better captures the spatial variability that exist across a region. Cokriged output could then be used in
area-weighted assessments of forage production needed by economic models in impact assessment or
used to identify areas where environmental degradation has occurred over time.

Improvements in cokriging output could also be made from investigating other secondary variables
(covariates). For several of the dekads investigated, there was a low correlation between model output
and NDVI. Other spatially dense data could be used or combined with NDVI to create a spatially
explicit index variable that could improve the cokriging output. For example, elevation might be
combined with NDVI data and rainfall data for the region to create a new covariate that captures more
spatial variability, thus improving the surface mapping capabilities using cokriging

CONCLUSIONS

Cokriging using simulation output and NDVI appears to show promise in creating mapped surfaces of
available forage for a large landscape in Southern Kenya. The cokriging analysis was successful in
spatially representing the changes in forage production across the region. Cross validation analysis
indicated that the cokriging provided very reasonable estimates of forage production when compared
to PHYGROW model output. The cokriged maps were also successful in identifying the temporal
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changes in forage production and successfully identified areas of severe forage conditions in late
October 2000. Mapped surfaces such as these could be incorporated into a geographic information
system (GIS) for use in drought early warning, natural resource impact assessment and environmental
degradation analysis. Institutions at all levels could use these mapped surfaces as part of their GIS,
thus allowing them to link this information to economic and other natural resource models to improve
decision making.
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