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remote sensing: General approach and application to the runoff
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[1] This paper presents a methodological procedure based on remote sensing and image
analysis techniques designed to map and quantify water stocks in small irrigation
reservoirs over vast, user-defined regions. Because the method is based on unsupervised
pixel classification schemes, it is analytically transparent and entirely replicable and can
therefore be used in most settings as a tool for integrated water resource management,
planning, or policy making, with benefits to irrigation, land use, agriculture, and
water-related social issues. Satellite images of semiarid south India are used here to
quantify fluctuating water volumes in ~2500 reservoirs. In this pilot study, the detection
of temporal trends and spatial discontinuities in land use at successive dates within
reservoir beds is a proxy for assessing the performance of reservoirs and for formulating
hypotheses on the environmental, socioeconomic, or anthropological reasons behind the
inferred levels of infrastructural maintenance or disuse. The synoptic approach paves the

way for future efforts as better ground truth data become available.

Citation: Mialhe, F., Y. Gunnell, and C. Mering (2008), Synoptic assessment of water resource variability in reservoirs by remote
sensing: General approach and application to the runoff harvesting systems of south India, Water Resour. Res., 44, W05411,

doi:10.1029/2007WR006065.

1. Introduction

[2] Resolutions formulated at the 2003 Kyoto World
Water Forum establish that water resource management
should shift its long-standing emphasis on regulation by
government to regulation by governance. Advocacy for
notions such as integrated water management and partici-
patory irrigation is now widespread. This recent approach
encourages a revival of the common-property approach to
water resources [e.g., Sakurai and Palanisami, 2001],
which has been prevalent for centuries in some rural
communities around the world [e.g., Barrow, 1999; Gunnell
and Anupama, 2003], and promotes water user associations.
With this focus in mind, natural resource inventories and
land capability surveys for fine-scale watershed manage-
ment require that a consensus be reached on a limited range
of methods and standardized land classification categories
in order to facilitate research, information transfer, training,
and planning.

[3] An increase in the productivity of water in response to
growing populations and water demand in dry areas of the
semiarid tropics in particular requires a search for techni-
ques designed to monitor water availability and system
efficiency and to map problem areas for policy intervention
and adaptive management. South India is one region of the
world where water-harvesting reservoirs are widespread and
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is the chosen setting in which the methodology developed
here has been implemented. This paper uses this region
(Figure 1) as an example to show how the synoptic qualities
of satellite imagery help to obtain quantitative estimates of
water stocks in reservoirs.

[4] In south India, tanks are traditional water storage
reservoirs designed to harvest and store rainfall and surface
runoff (Figure 2). They are designed to mitigate the impact
of seasonal and interannual rainfall variability on water by
extending its availability for agriculture through storage.
So-called nonsystem tanks are supplied by small catchments
that capture overland flow and that may include irrigated
land. They lack access to perennial water sources unless
they are supplied by a perennial river via a canal, in which
case they are known as system tanks. Strong evaporative
losses during the dry season and no carryover of live storage
between seasons also mean that stocks are entirely depleted
and varyingly replenished on a yearly basis.

[s] Tank irrigation is profitable, particularly to small farm-
ers [Palanisami and Meinzen-Dick, 2001; Balasubramanian
and Selvaraj, 2003], and its sustainability in India is reflected
in its 2000-year history [Gunnell et al., 2007]. These reser-
voirs are widespread in the states of Andhra Pradesh [Prasad
et al., 1993; Rao et al., 1993; Rao and Chakraborti, 2000],
Tamil Nadu, and Karnataka [Palanisami and Meinzen-Dick,
2001]. In Tamil Nadu, ~39,000 tanks command ~30% of
the total irrigated land area [Anbumozhi et al., 2001;
Ranganathan and Palanisami, 2004], but this ratio has
been declining in the last 25 years because of a range of
socioeconomic causes broadly related to demographic pres-
sure, the decline of surface water as a common property
resource, extended periods of drought [Gunnell et al.,

W05411 1 of 14



W05411 MIALHE ET AL.: ASSESSING RUNOFF HARVESTING POTENTIAL IN INDIA W05411
N |
‘ _____ 78 00.0 E 79.00.0 E
w ~'~ E - ™ Vaigai-Periyar Watershed
e .\
10 00 N—
Vattanam /"
o4
;" 940.0 N—
\\Esamanathapuram ©
T . 920.0N—
Tamil Nadu \\ . -~-~""|5§r?f55;?1
India ‘”
© City 0 25 50
Kilometers
Figure 1. Study area.

2007], and, more generally, poor governance [Mosse,
1997; Palanisami and Meinzen-Dick, 2001; Sakurai and
Palanisami, 2001; Balasubramanian and Selvaraj, 2003;
Sharma, 2003; Kajisa et al., 2004].

[6] Extensive water-harvested areas can be readily mon-
itored from space at minimal cost. In spite of the existing
technology to do so, however, synoptic, spatially distributed
quantitative analyses of surface water resources based on
remote sensing are uncommon [Ambast et al., 2002].
Existing work on reservoir mapping tends to rely on
supervised classifications [e.g., Liebe et al., 2005], which
require a training data set and are therefore costly and time
consuming in field work prior to image processing. Water
harvesting in India has been studied mostly from the ground
by social scientists, economists, and agronomists. Field-
based case studies are predominantly concerned with land
tenure, social anthropology, or cost-benefit and viability
analyses on a local scale [Palanisami and Easter, 1987;
Vaidyanathan, 2001; Mosse, 2003]. Rare literature on the
hydrology of reservoir irrigation mostly deals with water
mass balance at the single-reservoir scale [e.g., Jayatilaka et
al., 2003; Li and Gowing, 2005] using a range of local-scale
environmental data that are often unavailable in many
regions of the world. What such models gain in quantitative
precision they therefore lose in breadth, swiftness of imple-
mentation, and applicability as decision- and policy-making

Dry crops Tank

tools. Here we develop an analytically transparent and
replicable methodology based on unsupervised classifica-
tion schemes with potential for use in other settings around
the world.

2. Method
2.1. General Approach

[7] Tank storage is extremely sensitive to rainfall vari-
ability and is vulnerable to abstraction losses. Water in tanks
is retained after the end of the rainy season, which extends
from late September to early January (Figure 3a) for a
period ranging from weeks to months that also depends on
soil properties and water consumption rate. When analyzed
using satellite images with comparable anniversary regis-
tration dates, the state of an individual tank at the end of the
rainy season can provide an appreciation of its economic
performance.

[s] Over time, tank storage capacity diminishes because
of siltation, but this and other negative impacts can be
redressed by periodic desilting work, which has kept the
system in operation for centuries. Therefore, once climatic
variability has been filtered out as a contributing factor to
observed reservoir water levels, land cover changes within
tank beds and trends in water levels represent two good
proxies for appraising levels of collective involvement in

Rain on tank
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Figure 2. Schematic cross section of a tank. Topographic slope is greatly exaggerated.
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Figure 3. Climate in study area. (a) Rainfall diagram of Ramanathapuram (located in Figure 1),
representing the seasonal cycle throughout the study area. (b) Normalized interannual variability of
rainfall at Melur (see Figure 1), here based on a 103-year instrumental rainfall record. Black curve is

3-year moving average.

maintaining reservoir efficiency at individual reservoir to
regional scales. An estimate of reservoir storage can be
calculated in geographic information system (GIS) based
maps of aquatic surface areas obtained by terrain classifi-
cation algorithms, with scope for producing a database of
water stock fluctuations indexed on rainfall surpluses or
deficits from year to year over broad regions. Independent
knowledge of mean reservoir depths can be used to calcu-
late volumetric water stocks. Error on estimates is inevitable
but can be mitigated when possible by field data.

[o] This kind of data is particularly useful to water
planning and agricultural forecasting bodies in settings like
India, where statistics on tanks are either unavailable or
poorly integrated because responsibility for tank manage-
ment is split between several independent administrations.
Contingency plans for famine relief and the need for
compensatory efforts in other forms of irrigation (river-fed
reservoirs and groundwater irrigation) can be better antici-
pated. Another benefit accruing from synoptic knowledge
of surface water reserves is that it can also assist politicians
in exhorting farmers to modulate the exploitation of ground-

water reserves, which in India are increasingly being mined
to critically unsustainable levels as an open access resource
insufficiently regulated by legislation.

2.2. Image Selection and Use of the Rainfall Record

[10] The Vaigai basin (Figure 1) drains an area of 7393
km? with a mean population density of 300 inhabitants per
square kilometer. Over 50% of the working population is
employed in agriculture; that is, ~1 million people are
directly dependent on water for agriculture. The coastal
plain to the north, which does not belong to the Vaigai
watershed, was also included in this study because it is one
of the historical heartlands of tank irrigation in south India
and displays such a high spatial density of tanks that little
room is left for other forms of land use or natural habitat
(Figure 4).

[11] Rice is both the staple food and the principal
agricultural product in the study area. In Tamil Nadu,
rain-fed paddy crops (samba season) are sown in September
and harvested in January. During the navarai season (Jan-
uary to April), a second, reservoir-irrigated crop may be
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Figure 4. False color composite (red-green-blue: NIR-red-
green) of the northeast part of the study area using the 21
January 1979 MSS image. Note differences in tank shape
where thin, crescent-shaped water bodies tend to indicate
loss of tank capacity due to siltation. In such cases, residual
accommodation space for water occurs immediately behind
the tank bund.

attempted if reservoir storage has been adequately replen-
ished by rainfall during the preceding wet season.

[12] Independent knowledge of rainfall data is critical
because it allows comparison of reservoir levels of the same
area during different years and helps to discriminate be-
tween rainfall-related causes of water storage deficit and
other socioeconomic causes. These might include a decline
in standards of infrastructure maintenance or loss of storage
capacity due to reservoir siltation. We analyzed trends in
seasonal rainfall excesses and deficits on the basis of
normalized rainfall data and 3-year moving averages for
four stations in the Vaigai watershed (Ramanathapuram,
Kamadi, Vattanam, and Melur). Available records span 60—
103 years (Figure 3b). This approach helps to capture
rainfall variability for each station and to establish how
the satellite image acquisition dates rank on the rainfall
deficit scale provided by the z deviate scores. In this region,
maximum reservoir levels should be expected around mid-
January, i.e., just after the end of the rainy season. In order
to test the capacity of remote sensing at detecting small to
moderate variations in water stocks, we deliberately targeted
rainfall years for which rainfall deviations from the long-
term average were neither excessively positive nor exces-
sively negative because there is little value in comparing
full reservoirs (high-surplus year) with empty ones (drought
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year). We will show that the method is sufficiently sensitive
to detect small spatial and temporal changes.

[13] In summary, quantifying the variability of water
stocks and tank-irrigated cropping areas between different
dates helps to assess the relative impacts of climatic
variability and human factors. Water stocks are expected
to be positively correlated with seasonal rainfall and levels
of collective involvement in infrastructure maintenance.

2.3. Image Processing

2.3.1. Preprocessing of the Landsat Series

[14] Eleven Landsat multispectral scanner (MSS), the-
matic mapper (TM), and Enhanced Thematic Mapper Plus
(ETM+) georeferenced images covering the entire study
area were selected (Figure 5) and calibrated to convert
digital numbers to exoatmospheric reflectance. Given the
registration dates of the MSS images (Figure 5) and their
coincidence with a year of excess rainfall, these were
chosen as the reference state for delimiting tank beds and
assessing trends in land cover change and water stocks over
time. We assumed from the regional literature that a very
large majority of tanks at all registration dates were in use,
with few renovation schemes between 1973 and 2001.

[15] MSS scenes consist of four bands corresponding to
green and red in the visible spectrum (0.5—0.6 um, green and
0.6—0.7 um, red) and to two connected bands in the near-
infrared (NIR) spectrum (0.7-0.8 ym and 0.8—1.1 pm).
TM images consist of seven channels, including three bands
in the visible spectrum (0.45—-0.52 pm, blue; 0.52—0.6 pum,
green; and 0.63—0.69 um, red), one NIR band (0.76—
0.9 pm), one midinfrared (MIR) band (1.55—-1.75 pm), one
short-wave infrared (SWIR) band (2.08—2.35 um), and one
thermal infrared (TIR) band (10.4-12.5 pm). In addition to

Landsat World Reference System 1 (WRS 1)
Tamil Nadu

143/53
1990/04/23
2001/05/15
1991/01/29
1999/11/11

143/54 142/54

1992/03/ 1988/02/06
2001/0940 2000/12/15

Figure 5. Coverage and acquisition dates of Landsat
images used in the study.
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Figure 6. Flowchart summarizing methodology used in the study.

these, ETM+ images contain a 15-m spatial resolution
panchromatic band (0.52—0.9 pm, panchromatic).
2.3.2. Detection of Aquatic Surfaces

[16] The sequence of data processing operations followed
in this study is summarized in Figure 6. The flowchart can be
used to follow through the steps described in the following
sections. The detection of water surfaces by remote sensing is
not a trivial exercise because open water presents a wide
range of reflectance patterns determined by the interplay
between surface, volume, and bottom reflectance values.
These parameters are varyingly influenced by standing or
floating vegetation, turbidity, dissolved matter, and algal
content and affect the penetration of light. Furthermore,
naturally blurred boundaries between soil, vegetation, and
water make the extraction of water bodies from satellite
scenes quite difficult.

[17] Several methods suitable for the detection of aquatic
surfaces and the delineation of coastlines from remotely
sensed images exist [Frazier and Page, 2000; Ouma and

Tateishi, 2006]. Three of these were applied here to the MSS
images for comparative purposes. The first refers to a
normalized difference water index (NDWI). The original
NDWI needs to be obtained from NIR and MIR bands [Gao,
1996], but the MIR band is unavailable in MSS images.
This, therefore, restricts the applicability of the technique to
images that postdate the launch of Landsat TM. For that
reason, we used a revised NDWI after Ouma and Tateishi
[2006], which uses the green (G) and NIR bands in the
equation NDWI = (NIR — G)/(NIR + G). These two bands
are available in the MSS images used here (bands 4 and 7).
Because water presents higher reflectance values in the green
band than in the NIR band, the index harnesses that sharp
difference through the band ratio and is thus well suited to
the detection of aquatic surfaces. To produce a binary mask
for an image, class separation is performed by setting a low
threshold on the obtained index (Table 1). This threshold
was visually delimited using a false color composite image
(red, MSS 7; green, MSS 5; and blue, MSS 4).

5of 14

85U8017 SUOWILIOD BRI 3|qed![dde Uy Aq pausenob a1 S0 1Le O ‘28N JO S3|NJ 104 ARd1T BUIIUO A8]IM UIO (SUO I pUOD-PUe-SWLIB}W00"A8 | AReaq U Uo//:SdIY) SUORIPUOD pue SWwis | 8u} 88S *[202/90/20] U0 Areiqiauljuo Ao|1m ‘Z U0AT 83SRAIN A S909004ML00Z/620T OT/10p/wiod A8 |m Areiqiieut|uo sandnBe//sdiy wol pepeojumod ‘G ‘8002 ‘€L6.776T



W05411 MIALHE ET AL.: ASSESSING RUNOFF HARVESTING POTENTIAL IN INDIA Wo05411

Table 1. Statistics Summarizing the Tank Detection Methods for
MSS 153/53

Methods
PCA NDWI Thresholding®
Threshold na” —0.97 to —0.69 0 to 0.05
Number of tanks detected 2312 2398 3169
Total water area, km> 725 688 1019
Mean Spectral Response (SD)°
MSS 4 0.33 (0.09) 0.30 (0.10) 0.25 (0.09)
MSS 5 0.24 (0.08) 0.22 (0.09) 0.17 (0.08)
MSS 6 0.15 (0.06) 0.13 (0.06) 0.11 (0.04)
MSS 7 0.04 (0.02) 0.03 (0.01) 0.03 (0.01)
Mean Spectral Response in Cloudy Area (SD)°
MSS 4 0.32 (0.09) 0.29 (0.11) 0.19 (0.05)
MSS 5 0.24 (0.09) 0.21 (0.11) 0.12 (0.04)
MSS 6 0.15 (0.06) 0.13 (0.07) 0.10 (0.02)
MSS 7 0.04 (0.02) 0.04 (0.02) 0.04 (0.01)
Mean Spectral Response of Image Differences (SD)*

MSS 4 0.35 (0.05) 0.23 (0.12) na®
MSS 5 0.28 (0.05) 0.16 (0.13) na’
MSS 6 0.20 (0.04) 0.12 (0.09) na®
MSS 7 0.07 (0.01) 0.04 (0.02) na®

“Thresholding is for MSS 7.

®Na, not applicable.

“Values given are the mean followed by the standard deviation (SD) in
parentheses.

9Test zone 1 included in PCA procedure but not in NDWI. Test zone 2
included in NDWI procedure but not in PCA.

[18] The second method, hereafter called the threshold
method, is also based on thresholding and involves setting a
low threshold (Table 1) on MSS channel 7 (0.8—1.1 pm).
Because of the strong absorbance of water bodies in this
channel, it is a relevant way of distinguishing between wet
and dry surface features [Frazier and Page, 2000].

[19] The third method is based on principal component
analysis (PCA) computed from the four MSS channels
followed by an unsupervised k& means classification of the
first resulting components. Contrary to the two previously
mentioned methods, PCA is not specifically designed for
the recognition of water bodies but remains a very general
and efficient technique for the detection of features that
exhibit weak radiometric contrast with their neighborhoods.
The results of the PCA are the principal components, which
lead to the extraction of new, decorrelated channels
[Richards, 1999]. Given that the first few components
contain most of the information present in the data, the
remaining ones are ignored in subsequent pixel classifica-
tion procedures (Figure 6). On the MSS images, the first
two components generally contained more than 98% of the
information. Concern with implementing an unsupervised
classification was motivated by the aim to elaborate a
general and replicable methodology based on automatic
classification procedures applied to a vast geographic re-
gion. Therefore, no prior field work was tied to this analysis
although interpretations used empirical knowledge acquired
by the authors both in the field and through the literature.

[20] Binary images of aquatic surfaces were generated by
each of the three methods described above for comparative
purposes (Figure 7). The following stage consisted in

7|8 00.0E 7|9 00.0E

Figure 7. Sample of (a) initial MSS image illustrating comparative accuracy of the three automated
procedures used to detect tanks beds. Resulting binary images display the (b) NDWI, (¢) PCA, and
(d) MSS 7 thresholding approaches. Note difference in surface area of cloud shadows and of thin,
elongated tanks as an illustration of the relative behaviors of each method.
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Figure 8. Binary images (a) before and (b) after noise
removal by application of PCA and mathematical morphol-
ogy procedures (see text).

eliminating from the binary images any small entities likely
not to be tanks, such as natural depressions or flooded
paddy fields. In order to avoid modifying the size and
morphology of the tanks, a geodesic reconstruction [Serra,
1982] was performed in which the original image is first
eroded and then reconstructed by successive geodesic
dilations. A hole-filling transformation was subsequently
carried out (Figure 8), which consists of filling entities that
were counted out as nonaquatic because of local anomalies
in the water body (aquatic vegetation, etc.) or because of
pixel size but were necessarily part of the tank area because
tanks rarely contain islands.

[21] The relative performances of the three pixel classi-
fication methods were evaluated by analysis of the means
and standard deviations of their spectral responses in each
MSS band. Validation was further backed up by visual
analysis of the tanks seen in the false color composite of
Figure 4. The most accurate image of tank water surfaces
obtained was subsequently used as a mask of the tank beds
and was vectorized for further analysis with the Landsat TM
and ETM+ data (Figure 8b).

2.3.3. Detection of Land Mosaics Within the Tank Beds

[22] In order to determine the range of surface features
within the areas defined as tank beds after MSS image
processing, the entire set of Landsat TM and ETM+ was
analyzed. A PCA followed by a k& means classification in
10 classes was performed on pixel sets of the TM and
ETM+ images contained within the masks previously
obtained from the MSS classification. On the basis of its
spectral signatures, each class was interpreted and recoded
in one of five classes predefined for their relevance to land
use and land cover change: dry bare soil, wet bare soil,
water, healthy vegetation, and vegetation under stress.
Classes presenting high spatial and spectral heterogeneity
were merged and iteratively reclassified. Given the wide
spectral window represented by these five classes, all pixels
could be allocated to one of the categories. This simple and
easily replicated classification was also suited to the goal of
generating change detection maps.

2.3.4. Change Detection Procedure

[23] On the basis of the land surface classification, a
change matrix was generated for some pairs of TM and
ETM+ images corresponding to different dates. This data-
merging technique allows so-called change detection maps
to be generated, i.e., color-coded maps that display from-to
categories of land cover change between two chosen dates.
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Because it compares images that have already been classi-
fied, this procedure is relatively insensitive to variation in
the spectral characteristics of objects between two dates,
which makes it one of the most precise methods available
for detecting surface changes [Mas, 1999]. Choice of
similar registration dates was essential to maintain vegeta-
tion and hydrologic surface conditions as comparable as
theoretically possible. For that reason, change detection was
restricted to image pairs with small calendar offsets. This
excluded TM and ETM+ scenes 143/54.

2.3.5. Quantification of Water Stocks

[24] Assessing the depths of water bodies is a difficult
task because different factors contribute to modifying the
spectral response. However, obtaining depths for individual
tanks over a vast region through field surveys when no
databases are available is even more impractical.

[25] In order to estimate water depths from satellite
imagery, we chose a method based on a simple rule.
Differences between the observed spectral response and
the theoretical spectral signature of pure water are com-
monly generated by the interference between the surface,
volume, and bottom reflectance of a water body. Accord-
ingly, the critical parameter affecting the calculation of
water volumes based on water depth estimates is the
variability in spectral response of the tank bed. Given the
radiometric properties of water, the variability of interest
essentially concerns the visible spectrum and is predomi-
nantly controlled by soil color. Because the predominantly
light-colored soils in the study area have a higher spectral
response than water in the visible spectrum, the simple rule
applied here is that water depth in a tank is inversely
proportional to spectral response in the visible spectrum
(see auxiliary material, Figures S1 and S2'). Binary masks
corresponding to the previously defined aquatic surfaces
were generated for each image on this basis. An unsuper-
vised classification of visible MSS, TM, and ETM+ bands
based on the k£ means algorithm involving two classes (i.e.,
deeper and shallower water bodies) was performed within
each mask across the entire regional mosaic.

[26] For obvious reasons, physical water depths could not
be measured independently in the field on the image
registration dates. This depth detection method is, therefore,
inevitably relative in the sense that the attribution of water
depth values to each class is a function of the spectral
responses of the other classes. The method therefore pro-
vides maps of spatial variation in relative water depth.
Additional accuracy in the classification of water depths,
however, can be gained from empirical knowledge. The
literature [e.g., Vaidyanathan, 2001] indicates that mean
tank water depths in this part of Tamil Nadu rarely exceed
1.5 m. Even though tank design capacity is often larger,
these depth values reflect capacity loss from decades of
siltation and poor infrastructure maintenance. A mean total
volume of water at any given time can thus be calculated
from the scale of a single tank to that of an entire region.

[27] Here, as an example of what can be achieved, we
divided the tank water surfaces into two depth classes,
arbitrarily setting the mean of the shallower class at
0.50 m and that of deeper water bodies at 1.5 m. The tank

'Auxiliary materials are available in the HTML. doi:10.1029/
2007WR006065.
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Table 2. Runoff Coefficient in Catchment Areas

Clay Clay Loam Sandy Loam
Bare soil 0.7 0.6 0.4
Vegetation 0.5 0.4 0.2

areas classified as either deep or shallow on this basis were
then multiplied by mean depth to obtain volumetric water
stocks. In the case of the MSS images, the availability of
comparable registration dates made it possible to calculate
the total water stock for the entire study area. Meanwhile,
for the TM and ETM+ images, which suffer from more
significant offsets in registration dates, water volumes were
calculated within the spatial limits defined by each individ-
ual scene. The accuracy of calculations is obviously highly
dependent on the availability of tank depth databases, but
emphasis here is chiefly on methodology. Values can be
adjusted as data sources improve in user-defined areas of
interest.

2.3.6. Implementation of a Regional Water Balance as
an Independent Test

[28] In order to independently test the accuracy of water
stock evaluation by remote sensing, we attempted a sum-
mary regional water balance in a GIS for the 1972 and 1978
rainy seasons that immediately preceded the MSS acquisi-
tion dates. Water balance equations for a catchment are
commonly given as P = (QOR) + E £ AV, where P is
precipitation, Q is runoff, R is a runoff coefficient (0 < R
< 1), E is total evapotranspiration loss, and ¥ represents
storage. Tank water stocks on the registration dates were
calculated by considering that V, = P, — (E; + S,), where V,
is water volume, P, is rainfall over the tank surface, E, is
evaporation of the tank water, and S; is seepage loss.

[29] A precipitation map was prepared by nearest-
neighbor interpolation of data known for 10 rainfall sta-
tions. The catchment area for all tanks was also estimated.
Given the low-gradient topography of the plain, it proved
impossible to reliably establish microcatchment boundaries
from digital elevation models such as the Shuttle Radar

Topography Mission (90-m resolution) because flow grid
algorithms perform poorly on flat topography at that reso-
lution. Instead, a buffer zone mimicking the catchment areas
was drawn around the tanks in the GIS. Buffer radius, » (m),
was set to be proportional to tank surface area, 4 (m?).
Using the ad hoc formula » = k4, the aggregate buffer area
obtained with k=102 (m™") provided a value of 3496 km?
for a total tank water surface area of 855 km? ie., a
catchment-to-tank surface area ratio of 1:4. This is in broad
agreement with empirical evidence for the region. Although
for technical reasons the buffers do not strictly coincide with
the true geographic boundaries of the catchment areas, the
practical adequacy of observing a realistic catchment-
to-tank surface area ratio is sufficient for the purpose of
establishing a simple water balance at this regional scale.
Furthermore, the buffer approach is consistent with evi-
dence that closely spaced tanks form tank groups that
collectively share a vast, continuous catchment area [Mosse,
2003]. In those areas, double counting of buffers was
avoided.

[30] In order to incorporate runoff coefficients into the
water balance, two vector layers were generated in the GIS
for land cover and soil texture, respectively. Land cover
classes were calculated on the basis of a normalized
vegetation index (NDVI) defined as NDVI = (MSS 6 minus
MSS 5)/(MSS 6 plus MSS 5). An NDVI threshold set on
+0.3 adequately distinguished between bare soil (<0.3) and
vegetated areas (>0.3). Soil texture was obtained by digi-
tizing and georeferencing the 1:500,000 Soil resource map
of Tamil Nadu [Natarajan et al., 1996]. Three texture
classes defined as clay, clay loam, and sandy loam were
extracted on the basis of exhaustive inventories provided by
Natarajan et al. [1996] and were attributed to the runoff
coefficients commonly recommended for Indian soil con-
ditions [e.g., Tideman, 1996]. Polygon overlay and inter-
section produced six runoff classes (Table 2).

[31] P,was obtained by multiplying the tank surface areas
by rainfall depths as provided by the interpolated rainfall
map. For evaporation and seepage, data available for tanks
in Sri Lanka under climatically similar conditions were used
[Jayatilaka et al., 2003]. Daily evaporation rates are 4—

Table 3. Regional Water Balance for the Rainy Seasons Preceding Capture of MSS 153/53 and 154/53

Sep Oct Nov Dec 15 Jan
Inputs®
Rain on tank, m’ 84,704,076 358,781,641 151,440,273 161,144,956 0
Runoff, m* 171,652,617 724,174,710 327,955,947 354,575,372 0
Losses®
Evaporation, m®
6mmd' 153,987,495
5mmd! 128,322,913 64,161,456
4mmd! 102,658,330 102,658,330
Infiltration,” m? 51,184,599 (50) 251,454,509 (25) 226,220,283 (20) 263,588,626 (20) 247,548,262 (25)

Water balance at end of month, m> 51,184,599 754,363,528 904,881,134 1,054,354,506 742,644,787

#As commonly observed, the tanks are considered totally empty at the beginning of September. To obtain water volumes, the reference tank area used
was the aquatic surface area measured on the MSS image registration dates. This is an approximation inasmuch as it overlooks the growth of water surface
area between September and January, which is unknown but would affect infiltration and evaporation because these are some functions of surface area.
Magnitudes of inaccuracy related to this will depend on the form of the depth-to-area curve over time, with smallest error if tank area grows much faster
than tank depth.

®Infiltration is calculated as daily rate (given in parentheses) multiplied by 30 d on the basis of data provided by Jayatilaka et al. [2003]. Values decline
as a function of temperature with the cooler months.
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Figure 9. Cumulative distribution of tank sizes across
study area as detected after PCA classification on the MSS
images.

6 mm depending on the month, and monthly seepage losses
occur at rates of 20—50% of the water stock (Table 3).

3. Results
3.1. Comparison Between Image Processing Methods

[32] In order to determine the most accurate method of
tank detection, we performed a comparison between the
binary images produced by each of the three water detection
methods described in section 2.3.2. Tests were deliberately
performed on the MSS 153/53 image because it not only
presented signs of heterogeneity in water body spectral
responses but also exhibited some cloud cover in its
southwest corner. Because of the common occurrence of
clouds in tropical settings and the potential for mistaking
cloud shadows for water surfaces due to an overlap in
spectral response patterns, it seemed useful to test the
capacity of reservoir detection methods to avoid confusion
with cloud shadows. After removal of noise by geodesic
operations (see section 2.3.2), an analysis of spectral sig-
natures backed up by visual analysis allowed a comparison
to be drawn between each of the three methods. Table 1
shows that means of the spectral response values obtained
with the PCA and NDWI methods for the entire image were
very similar in all the bands. Moreover, the ranges defined
by these two methods match well with the outlines of
different water bodies identified visually as tanks on a false
color composite of MSS 153/53. In contrast, the threshold
method presented lower values of means in the first three
bands. This indicates that this method does not detect
shallower water bodies located on brighter soils because
these soil types increase the spectral responses in all MSS
bands, and particularly in MSS 7, which is the discriminat-
ing channel for such surface features. Thresholding also
tended to classify as aquatic surfaces wet dark soils that
have a low spectral response in MSS 7, thereby artificially
overestimating the extent of tank areas (see Table 1). Mean

MIALHE ET AL.: ASSESSING RUNOFF HARVESTING POTENTIAL IN INDIA

W05411

computed mean and standard deviation values for areas
classified by only one method at a time (representing
8.41 km® for the PCA method and 7.01 km® for the NDWI
method; see Table 1). The NDWI showed not only higher
standard deviation values but also lower means, indicating
the relative inability to filter out some cloud shadows. The
PCA produced slightly higher means than in the previous
experiment because the radiance of lateritic soils present in
the cloudy areas increased reflectance values. However,
PCA also generated lower standard deviation values, thus
implying a greater homogeneity in spectral responses.

[34] In summary, although the NDWI method seems well
suited to the detection of water bodies in cloud-free zones,
its performance is challenged in the presence of cloud
shadows. Thresholding of MSS 7 proved suitable for
detecting water pixels but, in agreement with caveats
formulated by Frazier and Page [2000], tended to include
a relatively high proportion of pixels that did not belong to
water bodies. Ultimately, even though some pixels remained
misclassified, the PCA method performed best in distin-
guishing cloud shadows from water surfaces (as seen in
Figures 4 and 7). Table 1 also shows that both the PCA and
NDWI methods provide more conservative estimates of
water surface areas than the threshold method. This is
important because the risk of overestimating water reserves
as a consequence of artifacts in data processing is detri-
mental to the precautionary requirements of water resource
management, forecasting, and planning (compare
Figures 7b, 7c, and 7d). Because of its all-around stability,
accuracy, mathematical transparency, and replicability, the
PCA method came out as the most recommendable for the
detection of water surfaces based on reflectance values and
was preferred in the subsequent steps of the change detec-
tion procedure.

3.2. Water Resources

3.2.1. Detection of Reservoir Beds

[35] Out of the 11,310 km? of the total study area, tanks
cover 7.6% of the land surface. In general, it is established
that in south India the ratio between tank command area and
water spread area is close to 1 [Mosse, 1997]. It can
therefore be estimated that the tank-irrigated area during
the 1970s was ~85,500 ha, so the area devoted to tanks and
their irrigated perimeters was ~15% of the total land area.
However, given the spatial heterogeneity in tank size, the
cumulative distribution of tanks is not linear (Figure 9).
Table 4 shows in detail that large tanks (>100 ha) make up
44% of the total water storage area despite representing just
7% of the total number of reservoirs. In contrast, small tanks
(<10 ha) make up 41% of the total number of reservoirs but
only concern 7% of the land area devoted to water storage.

Table 4. Spatial Attributes of Tanks on MSS Images

values obtained for the cloudy area only reinforced this bias.  Tank Size, Number Total Water Relative Water
[33] The other two methods produced much closer ha of Tanks Surface Area, km’ Surface Area, %
means, but the NDWI generated higher standard deviation. ~_, 1017 57 7
Standard deviation .analysis provides information on levels  19_100 1297 419 49
of class heterogeneity. For a more accurate comparison, we ~ >100 180 379 44
excluded the geographic overlap areas between images and ~ Total 2494 855 100
9 of 14
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Table 5. Surface Features of Tank Beds on Paired Dates
Surface Features, %
Number of Months Vegetation Bare Soil
After or Before End _—
Scene of Monsoon® Year Under Stress Healthy Dry Wet Water Total
142/53 +1 1991 6.3 54 41.3 14.5 32.5 100
—1.75 1999 21.5 233 14 10 31.2 100
142/54 +1 1988 11.3 13.4 7.2 45.1 23 100
-0.5 2000 17.2 12.3 222 36.8 11.5 100
143/53 +3.75 1990 18.4 6.6 17.6 52.5 49 100
+4.5 2001 11.1 7.4 33.4 38.4 9.7 100

“Months after are represented by plus signs, and months before are represented by minus signs.

3.2.2. Surface Features in Tank Beds From Landsat
TM and ETM+ Images

[36] Among the five land surface categories defined in
section 2.3.3, healthy vegetation is defined by high reflec-
tance values in the NIR and low reflectance values in the
MIR (see auxiliary material, Figure S2). It typifies plants
during their growth seasons, a time when they also exhibit a
relatively broad surface area. This category corresponds to
(1) grassy cover colonizing exposed tank beds, (2) irrigated
crop encroachment onto the tank bed, and/or (3) trees
planted on tank foreshores as a component of social forestry
programs. The presence of healthy vegetation during the dry
season, for instance, indicates some form of agricultural
land use. Distinction between these categories would re-
quire greater pixel resolution than is provided by the images
used, but high-resolution imagery such as that provided by
Google Earth confirms that all three of these situations exist.

[37] Vegetation under stress contrasts with healthy vege-
tation by subdued reflectance values in the NIR and higher
values in the MIR (see auxiliary material, Figure S2). It
would correspond to woody or herbaceous plants in the
process of aging or desiccation. Ground cover in such areas
is incomplete, and the spectral response is thus blurred by
the exposure of bare soil. In any season, the presence of this

land use category suggests at least temporarily limited tank
use or maintenance.

[38] Dry bare soil is characterized by high reflectance in
both the visible and IR spectra (see auxiliary material,
Figure S2) and indicates prolonged empty tank conditions.
MIR values are critical in the appraisal of humidity because
MIR corresponds to a band of almost complete water
absorption. Wet bare soil differs from dry soil by lower
reflectance values in the visible and MIR bands (see
auxiliary material, Figure S2) and describes varying states
of saturation depending on soil texture and field capacity.

[39] Table 5 provides synoptic quantitative information
on change in tank bed features over time. Given that scene
142/53 (1999) was acquired before the end of the rainy
season, the difference in aquatic area between 1991 and
1999 does not indicate a decrease in the primary function of
the tanks. Scenes corresponding to 143/53 were acquired
during the dry season and are therefore of little use in
assessing postmonsoon water levels. Finally, differences
between the two images of scene 142/53 are minimal and
are chiefly explained by rainfall totals (see Table 5). At this
scale, the maximum relative aquatic surface area obtained
from the images was ~32.5% (on TM 142/53). It can be
inferred that the principal period of decline in tank water

Initial State: 1991 (TM 142/53)

Wet Vegetation Healthy Dry bare
Water . . .
bare soil Under stress  vegetation soil
(%) (%) (%) (%) (%)
Unclassified 1.2 1.3 0.8 1.2 1.2
R Water 50 32.7 12 7.6 20.6
[32]
g Wet bare soil 9.7 13.3 8.9 8.1 9
q- .
- Vegetation 145  20.1 27.3 24 24.8
% Under stress
[ Healthy 157 244 46,5 54 19.3
> vegetation
2 Dry bare soil 7.3 6.8 2.1 2.9 24.6
o Clouds 1.5 1.3 2.4 2.3 0.7
[u]
E Class Total 100 100 100 100 100
©
c Class
i Changes 49.9 86.7 72.7 46.1 75.4
Image 51 817 +245.7 43283  —66.4
Difference

Figure 10. Change detection matrix of surface features (1991—1999) on scene 142/53. Class changes is
the percentage of the initial class that evolved toward a different surface feature. Image difference is the
evolution of a surface feature over the entire image area between initial and final state and is expressed in

percent.
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Figure 11. Change detection map of tank beds on scene
142/53 between 1991 and 1999. Area is identical to that
displayed in Figure 4.

storage occurred between the 1970s and early 1990s. Most
of the decrease observed between the early and late 1990s
can be explained by monsoon variability. Nevertheless,
other surface features, particularly vegetation, remain good
proxies for assessing the challenges facing tanks as water
storage devices.

3.2.3. Change Detection of Soil Surface Features
Within Tank Beds

[40] Change statistics are compiled in Figure 10. They
describe detected changes in surface features on tank beds
within each of the five previously defined land cover classes
(see section 2.3.3). Twenty ((5 x 5) — 5) dynamic classes
were thus generated. The accuracy of this change detection
method is clearly a function of the quality of the classifi-
cation method previously carried out.

[41] Change detection maps are one of the key outputs of
multitemporal image analysis. However, the large number
of change detection classes is restricted here to relatively
small surface areas, i.e., tank beds, and therefore raises
problems of visual representation. Two approaches were
possible in this respect. One would have been to produce
detection maps restricted to one class at a time. Collectively,
the maps would have contained all the information but
would have remained unattractive. The other method, used
here, attempts to display on a single map the quantitatively
most significant changes alongside changes that are deemed
qualitatively unique or unexpected (Figure 11). The number
of change classes is therefore much reduced, and the map
output is more intelligible.

W05411

[42] In Figure 11, all classes represent from-to changes
exceeding 20% of the initial state. Both of the vegetation
classes were clustered because the presence of either cate-
gory in a tank bed reflects a relative decline in the primary
function of the tank, i.e., water storage. Not only does the
change detection matrix (Figure 10) highlight a net increase
in vegetation cover (vegetation under stress, +245% and
healthy vegetation, +328%), mainly at the expense of bare
soil (wet, —31% and dry, —66%), but the map additionally
indicates that vegetation shows little sign of recession
wherever it had already established itself in 1991. In this
particular example, also note from Figure 10 that total
aquatic surface areas have only fallen by 5% between the
two dates. However, the map shows that the spatial distri-
bution of aquatic surfaces has changed. Together, these
indications suggest that the observed change in spatial
patterns may have more to do with land use and social
parameters than with rainfall. Figure 11 highlights a contrast
between three distinct zones: in the south, areas either
previously flooded or exhibiting bare soil in 1991 were
vegetated in 1999; in the center, bare soil in 1991 had
become vegetated in 1999; and in the north, aquatic surfaces
during the same period increased over exposed bare soil.

[43] The detected progression of vegetation in tank beds
that were flooded in 1973 was independently confirmed by
the computation of an NDVI. The difference between the
initial (1991) and final (1999) indices produces a map (see
auxiliary material, Figure S3) that reveals a net increase in
biomass in several areas of the image but most conspicuously
within the tank beds. Mapping changes in surface features
reveals local dynamics, spatial discontinuities, and homoge-
neous small areas. All of these are useful to water resources
research because they may reflect common cultural values,
agricultural practices, or ecological adaptations.

3.2.4. Estimation of Water Stocks by Remote Sensing

[44] Overall, within the uncertainty limits of the synoptic
method employed, the 1973 mean total volume of tank
water (obtained as the averaged sum of class means) stored
in the study area at the end of the rainy season was 846 X
10° m?, representing an average tank depth of ~0.88 m.
Given the characteristics of the 1972 and 1978 rainfall
years, this value is an estimate of the basin’s potential for
tank irrigation at above-average tank capacity. Below we
illustrate the kind of additional information that can be
extracted from the approach presented.

[45] Certain water stock values are directly comparable
(Table 6). For instance, compared to the situation on
21 January 1973, water stocks on 29 January 1991 were
reduced by 0.277 km® because of a relative rainfall deficit
having occurred in late 1990. A paddy crop in Tamil Nadu
requires ~1200 mm of water [Gourou, 2000], and seasonal
consumptive use for other crops can be calculated in this
way on the basis of the widely used Blaney-Criddle method
[Blaney and Criddle, 1962]. By extrapolation, the deficit in
tank water for 1991 implies a reduction in tank-irrigated
paddy crops of 23,083 ha out of the 253,300 ha total for
scene 142/53. Such deficit situations would call for some
compensatory mechanism from irrigation sources other than
tanks. A relative water deficit also occurred in 1999, with a
calculated volume loss of 0.050 km® compared to 1991.
Note, however, that the 11 November 1999 registration date
falls only halfway through the rainy season.
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Table 6. Volumetric Water Stocks in the Tanks of the Study Area on Different Dates®

Scene (World Reference

Number of Months
After and Before the End

Seasonal Rain Already

Fallen on Image Mean Volume,

System 2) Sensor Date Acquisition Date, mm of the Monsoon Season” 106 m?

142/53 MSS 21 Jan 1973 575 +0.75 460
™ 29 Jan 1991 555 +1 183

ETM+ 11 Nov 1999 335 —1.75 133

143/53 MSS 21 Jan 1973 and 8 Jan 1979 682 +0.25 and +0.75 686
™ 23 April 1990 +3.75 33

ETM+ 15 May 2001 +4.5 38

142/54 MSS 21 Jan 1973 and 29 Jan 1979 682 +0.25 and +0.75 103
™ 6 Feb 1988 763 +1 29

ETM+ 15 Dec 2000 549 —0.5 11

“Rainfall stations used are Ramanathapuram (scene 142/53), Melur-Kamadi (scene 143/53), and Ramanathapuram-Vattanam (scene 142/54). Mean
seasonal rainfall (October to December) for Ramanathapuram (1941-2000), 578 mm; Melur (1901 -2004), 411 mm; Vattanam (1941-2000), 500 mm; and

Kamadi (1941-2000), 375 mm.

"Months after are represented by plus signs, and months before are represented by minus signs.

[46] For scene 143/53, only surface water resources for
1990 and 2001 are comparable week for week. The rela-
tively higher water levels in 2001 reflect an upturn in
rainfall after a prolonged period of relative deficit during
the 1990s. However, the presence of tank water in April,
i.e., 4 months after the rainy season but also soon after the
secondary rainfall peak that normally occurs around that
time (see Figure 3a), could be the result of an efficient
management of the tank system and its water resources. The
water-filled tanks during this season are small. Such size-
related heterogeneity indicates that smaller tanks are more
efficient than larger reservoirs at storing runoff associated
with limited rainfall episodes such as this springtime rainfall
peak. This advantage is likely related to smaller runoff
concentration times in small catchments.

[47] With only a small offset in anniversary dates, the
three images corresponding to scene 142/54 can also
undergo comparison. Despite comparable rainfall settings
in 1988 and 2000, a 72% difference and an 89% difference
in water stocks are observed between the 1973 reference
values and those of 1988 and 2000, respectively. Such a
sharp difference could, for instance, be interpreted as a
decline and express growing disaffection among farming
communities for tank irrigation, accompanied by infrastruc-
tural degradation, a related decline in tank storage capacity,
and a corresponding reliance on private bore well irrigation.

[48] In summary, the tentative socioeconomic interpreta-
tions given here are predicated on the widely documented
basis that social disaffection for tank maintenance has
grown over the last few decades. Clearly, at least in theory,
alternative explanations could be hypothesized: for instance,
different rules of water use between communities could
explain some of the observed variability in water stocks at a
given date. Ultimately, the accuracy of any of these inter-
pretations requires testing with ground surveys, but the
purpose of this essentially methodological study is to show
the value of remote sensing as a tool in water resources
research for outlining working hypotheses, mapping geo-
graphic anomalies, detecting potential problem areas, and
designing field surveys more efficiently.

3.2.5. Estimation of Water Stocks by the Water
Balance Approach

[49] The water balance approach (Table 3) yielded a
water stock of ~0.743 km?®, which differs from the remote
sensing—based calculation by ~0.104 km®. Despite the

sensitivity of the water balance model to input parameter
values such as buffer size (i.e., catchment-to-tank size ratio),
runoff coefficient, or evaporation and seepage rates, the
results obtained independently by those two water account-
ing methods are therefore of the same order of magnitude
and suggest reasonable accuracy.

4. Discussion

[s0] The remote sensing procedure chiefly requires an
identification of parameters causing variations in spectral
response as a function of water depth. Relative depth
mapping is only possible because Indian tanks are relatively
shallow water bodies. It would not work for water depths
exceeding a few meters, which also means that in the case
of tanks, error margins are limited; that is, there is a ceiling
on error that prevents water stock estimates from being
absurdly inaccurate. As such, the remote sensing approach
appears to be ecasier to implement than a water balance
method because it involves the acquisition of a smaller
number of parameters from independent sources. The risk of
error propagation in subsequent calculations is therefore
also probably smaller.

[51] Precision on water stock calculations is partly related
to the intrinsic limitations of satellite imagery for calculating
aquatic surface areas. Regarding spatial resolution, for
instance, some pixels located at the tank edge with MSS
are likely to have been wrongly detected as either water or
soil with the consequence of overestimating or underesti-
mating tank area. Very small water bodies could also be
missed, although in south India, reservoirs below the
detection threshold of Landsat MSS and TM are dedicated
to drinking water storage and therefore are irrelevant to this
study. Another difficulty is that satellite imagery will not
easily distinguish system tanks from nonsystem tanks
without independent knowledge and may thus mistake some
rain-fed tanks (which, however, represent an overwhelming
majority) for river-fed reservoirs. Nevertheless, it remains
possible to increase image resolution by using other satellite
sources, and future tests should be able to constrain the
magnitude of these imprecisions. A trade-off, however,
between the higher resolution of recent satellite sensors
and the historical time depth provided by the older MSS
Landsat data is inevitable.

[52] Likewise, temporal resolution can be increased by
using closely spaced pass dates, for instance, over the
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Table 7. Synthesis of Land Use Dynamics in Tank Beds Detected Between 1973 and 2001

Process Land Use in Tank Bed

Socioeconomic Interpretation®

Steady water storage capacity
Encroachment by herbaceous

vegetation reduced storage
Lasting colonization by woody Low priority attached to water conservation;
vegetation social forestry,

and other land uses

High priority attached to water conservation
Low priority attached to water conservation,

Collective tank maintenance upheld, social cohesion

Disaffection for tank irrigation, overtaken by
groundwater irrigation

Decline of the tank as an irrigation tool, diversification
of land use in tank bed

agriculture, and buildings in tank bed

“The socioeconomic interpretation is hypothetical.

course of a cropping season. This could even provide the
basis for a movie of tank water depletion over time and
would be a way of detecting geographic patterns of asyn-
chroneity in water release practices, possibly revealing
variability in social rules. A denser grid of rainfall stations
and water depth databases made available by appropriate
authorities would also be desirable because this ultimately
determines the calculation of the key parameter of interest,
namely, water volumes.

[53] In summary, despite scope for improved calibration
of quantitative results against higher-resolution data, this
pilot study has brought out sharp subregional contrasts in
terms of water resource potential and change in water-
harvesting conditions over time. Table 7 summarizes the
main evolutionary trends observed. The proposed approach
is a step toward helping water management authorities on
the ground to collect and compile data that will be relevant
to the improvement of the remote sensing—based approach
we advocate.

[s54] Tank rehabilitation is only one of the possible
solutions toward improving sustainable water resource
management in south India. However, because of ongoing
groundwater mining and high rainfall variability, tank
upkeep is more than just an optional fallback. Lasting
changes detected in the surface features of tank beds reflect
local changes in village socioeconomic life that call for
ground investigation and the possible implementation of
appropriate policies or incentives. The synoptic appraisal of
water-harvesting infrastructures may also assist in planning
new structures for suitable land systems in other semiarid
regions of the world [e.g., Tauer and Humborg, 1993].
Water harvesting structures similar to Indian tanks, although
not always functionally or structurally identical, exist, for
instance, in parts of northeast Brazil, Ghana, Sri Lanka,
Sudan, Thailand, and northern India [e.g., Prinz, 1996;
Thiruvengadachari and Sakthivadivel, 1997; Barrow,
1999; Antonino et al., 2005; Liebe et al., 2005].

5. Conclusion

[s5] The synoptic, multispectral, multiresolution, and
multidate approach developed in this study serves the
purpose of establishing regional water resource inventories.
It also assists in mapping spatial heterogeneities in water
stocks and land use detected over user-defined time inter-
vals. Results have suggested that climatic variability may
not be the only cause of fluctuating water levels. Contrasts
in the evolution of nonaquatic surface features within the
confines of reservoir beds were shown to be potentially
useful indicators of tank system degradation and economic
performance. As such, remote sensing and GIS integration

provide powerful tools for building hypotheses and for
crafting efficient field surveys designed to investigate how
institutional, social, or economic factors affect the relation-
ship between local populations and their water resources.
Among available methods of water detection in remote
sensing, unsupervised pixel classification based on PCA
appears to generate the most stable and accurate results in
most respects. It is replicable and can therefore easily be
tested in other settings where decision making in integrated
rural management is a priority.

[56] Acknowledgments. We appreciated the thorough and challeng-
ing reviews from Hugh Turrall, Associate Editor Steve Margulis, and two
anonymous individuals, who contributed to improving the quality of this
manuscript.
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