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ABSTRACT: land and water productivity are key issues to se¢aod and livelihood
for steadily growing population. This paper presemtremote sensing approach to map
land and water productivity to pin-point hot/briglspots and assess scope for
improvement. Biophysicallyield models are estalgiéslusing IRS data to estimate wet
biomass, dry biomass, LAI and yield for cotton. @mroductivity maps were produced
by applying the models to lager area with a crgpetynap. Simplified surface energy
balance (SSEB) model were employed to produce werajgr use (evapotranspiration,
ET) map with data input from in situ weather measwnt and six Landsat ETM+
thermal bands (60m). Water productivity maps weredpced by dividing crop
productivity map by water use map. The best bioayyield models explained about
62-83% variability. The most frequently occurringniols are red and near infrared.
Average seasonal cotton water use (ET) is 512mmeMf@oductivity maps showed
average value of 0.29 kgfrfor cotton lint. However, huge variations, wittield as well

as between fields, were, indicating great potetdianhance land and water productivity
for the pin-pointed areas in the study area of[3nya river basin, Central Asia.

1. INTRODUCTION

Water is one of the most critical resources for annfife and survival. However, the
stress on water use is only increasing with théaglpopulation expected to reach around
10 billion by 2050. Securing the food and liveliliso for the rapidly increasing
populations will put heavy demand on water. Regestarch (Khan et al., 2006) has
shown that the possible biggest saving in watékeéty to come from growing more food
with less water (increasing water productivity andre crop per drop” philosophy).
Currently, there are tremendous differences ingh@tum of water used to produce a
unit of grain within and between farm fields in nars parts of the world as a result of
poor water and farmland management techniques (Zavett Bastiaanssen, 2004). This
opens up an opportunity to study the causes odrdifices in water use to produce unit of
grain, pin-point areas where these differences mcand strategize approaches of
increasing water productivity. Agricultural watemoductivity (WP) is the physical mass
of production (e.g., biomass, grain yield) or eaoiovalue of production to quantum of
water used or delivered for the production (Mold&897). It measures how the system
converts water into goods and services. Its gemgp@tion is:
Output derived from water use(kg/ m? or $/ m?) (1)

Waterinput (m®/m?)

WP (kg/ m®or $/m?) =



Output derived from water use includes physical suess like crop yield, biomass, fish,
and livestock production which are all expressedumit of kilogram; it can be also
expressed in economic values (e.g., dollars) likerket value of grain yield and/or
biomass. Water input can be gross inflow, net imflavailable water, irrigation, and
actual evapotranspiration.

Remote sensing (RS) and geography information sygtelS) provide an innovative
approach to map water use and water productivitighvprovides possibility to explicitly
display the spatial variation of WP and pin-poiot/hright spots. The numerator yield or
biomass (and consequently economic value) and tkeordinator water use
(evapotranspiration) required to calculate WP cath bbe estimated from satellite sensor
data. The overarching goal of this paper was to mater productivity using remotely
sensed data of very high resolution. The adoptedoagh involved (a) crop productivity
mapping, (b) crop water use (or actual evapotraaspn) extrapolation, and (c) water
productivity mapping. The study was carried ousyr Darya river basin in Central Asia
using Quickbird, IRS and Landsat ETM+ sensor dateked by extensive field plot
information collected during the crop growing se@sof 2006 and 2007.

2. STUDY AREA AND DATA COLLECTION

Syr Darya river basin (SRB) is located in Centrala covering an area of 444,000 km2
including parts of Kyrgyzstan, Tajikistan, Uzbekistand Kazakhstan (Figure 1). It
receives snowmelt water from Himalayas and draits Aral Sea. The annual diversion
from SRB is almost equal to total annual inflow,iethimposes serious problem for the
eco-system of downstream area and the Aral Seat,(R083). Excess irrigation also
creates problems like Sali-alkalization and watgging in the upper and middle reach.
Two sites, Galaba, and Kuva were selected for l@etastudies. The two sites have
significant differences in soil fertility, crop andater management practices. Part of
Galaba is strongly affected by soil salinity and paor farming input, while Kuva is well
cultivated and has higher production.
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Figure 1. Geographic location of the study area.



The satellite sensor data collected in this studijude: (a) 2 Quickbird 4-band images
(2.44m, 1 for Galaba and 1 for Kuva in 2006), (B)IRS images across 2006 through
2007, and (c) 6 Landsat ETM+ gap filled images @& Each of the IRS and Landsat
ETM+ images is big enough to cover both study si@ound information was also
collected for the corresponding date of sensor pass In each site, five cotton sample
fields were selected to collect information. Infaton was collected at three randomly
chosen points in each field around every 15 daysguhe crop growing periods. The
items collected at each point include NDVI by ND¥dmera, PAR and LAl by LAI
meter, biomass (destructive), crop health condit.mal fractional land cover by eye
estimate. Metrological data was collected by aromated weather station installed in
Galaba. Cotton yield was collected at the harvest.t

3. METHOD
3.1 Biophysical and yield modeling

Quantitative relationships between spectral raflégt versus grain yield and\or
vegetation biophysical parameters help to monitosgstem and predict crop production
(Thenkabail, 2003). In this study, the individugestral wavebands and two band
vegetation indices (TBVIs) (independent variablesye related to biophysical variables
and grain yield (dependent variables). The TBVIshsider all possible 2-band
normalized indices. So, an IRS 4-band data havaiGua 2-band indices which are:
TBVI21, TBVI31, TBVI32, TBVI41l, TBVI42, and TBVI43For example, TBVI21 is
defined as:

TBVI 21= Band2- Bandl 2)
Band2+ Bandl

Various types of spectro-biophysical/yield modalsluding linear, multi-linear, and non-
linear (Quadratic, Logarithmic, Exponential, andwieo models are tested. The crop
variables were modeled best based on the best fialRes.

Spectro-biophysical models were established fotoootrop only. Hence have to be
applied to cotton field. The best spectro-biophgi#yceld models were extrapolated to
image cover areas using delineated crop type nwap Quickbird image. Areas outside
cotton fields were masked out from original IRS gaa using crop type maps. Biomass,
LAl and yield models of cotton were setup in ERDR$agine “Model maker”, and then
applied to the image accordingly. In this way a@ofproductivity map was produced.

3.2 ET mapping

Water depletion (actual evapotranspiration) by sraps determined based on Simplified
Surface Energy Balance (SSEB) (Senay et al., 26@el using thermal imagery and
meteorological data. The SSEB assumes linear oakdtip between latent heat flux (ET)
and land surface temperature. Hot pixel and catelpre used to represent “no ET” or
“maximum ET” (potential evapotranspiration, gTTherefore, the actual ET of other
pixels fall between the range of hot and cold pikdl and are linearly distributed



between zero and ETresulting in a proportional ET fraction value feach pixel as
expressed in Equation 3:
ETfrac =@ (3)

TH - Tc
Where, ETc is ET fraction ranging from 0 to 1,4Tand Tc are the temperature of hot
and cold pixels respectively;xTis the surface temperature of any pixel on thegena
Actual ET of day i (ET, ) map can be generated by multiplyingr&Twith ET, of day i
as shown in equation 4.
ETa,i = ETP1|r ETfrac (4)

Land surface temperature maps were generated frerthérmal bands of Landsat ETM+
for the sensor pass time. Choosing of hot and potdls has to be carefully decided.

Although some areas like concrete ground surfasetilements are likely to have higher
temperature, hottest pixel should be chosen froyrbdre farm land where ET is almost
zero while temperature is lower than the former. awmid noise or effects of other

extreme conditions, several (5-10) pixels, instefdingle one, were chosen to calculate
average values as for hot and cold pixel.ahd Tc were identified for each of the six

land surface temperature maps. Using equation 3rd€fion maps were generated.

Ideally, ET, should be spatially explicit as EE does. However this is limited by data
source. Hence, ETfrom single station measurement is used. Weatlata drom
automated weather station is synthesized from fidaterval to daily basis and cross
checked with weather data from nearby agro-clirstagon. These data was then used to
calculate potential ET using Penman-Monteith equaéind maximum crop coefficients
Kc recommended by FAO (Allen et al., 1998).

Water productivity map is then produced by dividorgp productivity map by water use
map.

4. RESULTS AND DISCUSSIONS

The best spectro-biophysical/yield models were sanmes in table 1. 75% of the data
points were used in the model and the rest 25% wesgerved for model validations.
Unless mentioned in the footnote, all models wene wsing the pooled data of the
Galaba and Kuva study areas for the years 2002@d/d.

Table 1. The best models for determining biomagd, Bnd yield of cotton using IRS
LISS spectral indices.

Parameter Wet Biomass  Dry Biomass LAI Yield
sample size 140 136 135 14
Best model by individual bands Exp Power Multi-linear

bands involved 2 2 3,4

R-square 0.7 0.62 0.63

Best model by TBVIs Power Power Power Linear
bands involved 2,3 2,3 1,3 2,3

R-square 0.83 0.82 0.73 0.7




Generally the best models involved TBVIs explain@sdund 10-20 percent more

variability than individual bands. The best modetng TBVIs were validated using

reserved points. Generally, R-squares of modeldédesaversus observed values vary
between 0.73 to 0.79 (Figure 2)

Figure 2. Validation of the some of the best mad@}¥ Cotton wet biomass, (b) cotton
dry biomass, and (c) cotton yield.

Water use maps revealed significant spatial chamd@sg cropping pattern changes
(figure 3). For example, a clear alternation ofthigl in cotton fields can be observed in
the sequence of image date. Average seasonal usdeor cotton was 512mm, ranging
from 150 to 905 mm.

Figure 3. Actual daily ET maps for the Galaba stadda by Landsat ETM+ thermal data.

The water productivity map for cotton was showtiigure 4. The average values of WP
are 0.285 kg/m3, which is in the middle range dtaolint WP reviewed by Zwart and
Bastiaanssen (2004) from 84 literatures. Howeves, WP maps from this study show
much higher variations (0-0.9 kg/m3) compared witle reviewed range (0.1-0.35
kg/m3) which were actually measured from field poneasurements.



Figure 4. Water productivity map of cotton cropngsIRS data.

Table 2. Areas under different water productividy €otton crop in Galaba

Group 0-0.1 0.1-0.2 0.2-0.3 0.3-0.4 0.4-0.5 0.5-0.6 >0.6
Area (ha) 167.9 695.5 1421 1381.7 414.7 50.3 2.4
Share (%) 4.1 16.8 34.4 33.4 10 1.2 0.1

The results in Table 2 show the areas under diffesmater productivity groups. The WP

of the irrigated cotton crop (the most dominantpcio the Syr Darya river basin) varied

between 0-0.9 kg/m3. Of this only 11 percent of¢b#on crop area was in 0.4 kg/m3 or
higher WP. If we look at very low WP (< 0.2 kg/m3there is 21% of area under such
low WP based on IRS. About 55% of the cotton ar@& WP less than 0.3 kg/m3. This
implies that there is highly significant scope hewrease WP (to grow “more crop per
drop”) through better management practices. Théesige is to increase land and water
productivity of the 55% low WP areas. Increasing IWP of these areas can greatly
contribute to the food security of future genenagiovithout having to increase croplands
and/or water use.
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