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1. GENERAL INTRODUCTION

1.1  Background

Protection of soil quality under intensive land uaed fast economic
development is a major challenge for sustainabs®wee use in the developing
world. The basic assessment of soil health andgs@aility is necessary to evaluate the
degradation status and changing trends followiffigréint land use and management
interventions. In Asia, adverse effects on soilltheand soil quality arise from
nutrient imbalance in soil, excessive fertilizatiogsoil pollution and soil loss
processes. The concept of soil health and soiltguas consistently evolved with an
increase in the understanding of soils and sollityuatributes. Soil quality cannot be
measured directly, but soil properties that aresisi@e to changes in management can
be used as indicators. On-farm assessment of galityjand health is recommended
to assist farmers evaluate the effects of their agament decisions on soll
productivity

Site-specific farming has introduced a managemeatdtice by which farmers
can begin analyzing and dealing with cropland \mlityr. Site-specific farming is
based upon the notion that fields used for agucaltproduction are not uniform.
Variations of soil physical properties occur frold to field and within fields. These
spatial variations result from many factors suchpesvious farming practices and
topography of the land. With site-specific techmylofarmers are adjusting
application rates of pesticides and fertilizersnglavith plant populations in hope of
optimizing crop production.

Soil scientists are aware that soil properties vggtially, and they have
already recorded strong fluctuations even overtshistances. Behind a locally erratic
aspect, some spatial structure is often discernédnaay be related to the combined
action of several physical, chemical or biologipadcesses that act at different spatial
scales. The characterization of the spatial vdighaf soil attributes is essential to
achieve a better understanding of complex relatibesveen soil properties and
environmental factors. Also, a model of spatialatetence between soil data can later
be used to estimate a soil property (such as $mbphorus status) at unsampled
locations for preparing the spatial variabilityypnof the property, based on which
more accurate input recommendation (applicatioR tdrtilizer) can be made for the

entire farm, which will ultimately enhance input eusefficiency. Estimating



semivariogram parameters of soil properties usiegstatistical tools and further
applying them to predict other soil properties gsordinary kriging is the general
procedure to prepare soil maps.

The soil variability occurs as a result of the effand interaction of various
ongoing processes in the soil profile. Earlier 8wl variability in the field was
defined by classical statistical methods which el that soil parameters had
random variability. But later on it was observedttmost of the soil properties show
spatial dependence. Samples close to each otherdwavar properties than that of
samples farther from each other. Geostatisticalyasisawas used to demonstrate the
spatial dependency of soil properties such as thetisity (BD), penetration resistance
(PR), soil pH, and nutrient content of soil, nigrdeaching in soil and pesticide
distribution of soils. More permanent soil propestsuch as texture, bulk density and
color are less variable than temporal or more dyoagpnoperties such as water
content, hydraulic conductivity, or soil thickneskwever, the short-range variability
of permanent soil properties might range from femtoneters to hundreds of meters
depending on landscape characteristics. Knowledgespatial variation of soil
properties is important in precision farming and/imnmental modeling. Spatial
distribution of water content at field capacity (F&id permanent wilting point
(PWP) at different zones of a farm governs the lalke water for plant growth.
These two soil hydraulic parameters play key rafesrop selection for different
blocks of a farm, and in scheduling irrigation obgs in a field.

At present, soil science research largely reliesthan use of geostatistics,
which together with classical statisticonstitutes an extra ordinary important tool of
precision farming. Now a day®wing to the availability of advanced and more
sophisticated geostatistical softwares, soil daten at few location with defined
spatial coordinates can be put to GIS environmadt adetails of spatial structure of
the parameter can be studied easily, which carsbd to generate prediction maps of
parameters even with low sampling intensity. Adgtwn spatial variation of soil
hydraulic properties in a farmer’s field is requirto delineate compact land areas
where these hydraulic parameters are below theartange. Similarly prediction
maps of various soil physical properties shovilmagr variation in different ranges in
different parts of farm needs to be generated adlaid to produce a soil physical

health map of the area.



The soil physical health map should then be caedlavith yield map of the
study area and if such correlation exists, appad@nmanagement practices could be
suggested to alleviate soil physical constraintasto improve the productivity of the
land.

1.2  Development of pedotransfer functions (PTFs):

Direct measuring of soil hydraulic properties agkatively time-consuming in
laboratory and field conditions. Mathematical madare indirect and empirical
approaches to estimate these hydraulic functiossaalternative to measurements,
one can use estimation methods that utilize phlysic@mpirical relations between
hydraulic properties and other soil variables. Hawantage of such methods, also
called pedotransfer functions, is that the inputaldes can be measured more easily-
and, hence, are more widely available than hydraurioperties. For the prediction of
water retention and saturated hydraulic condugtivihis approach has led to a
number of PTFs that use soil texture, bulk densihyg other soil variables as input
(Wostenet al., 2001).

PTFs allow basic information from soil surveys aographic information
system (GIS) databases to be translated into athiproperties, which are more
laborious or expensive to determine. Pedotransigctions utilize various regression
analysis and data mining techniques to extracsratsociating basic soil properties
with more difficult to measure properties (e.g.,ufghet al., 1989; Vereeckest al.,
1989; Schaap & van Genuchten, 1998; Kravchenka3200
1.2.1 Pedotransfer functions for soil hydraulic prgerties:

Several PTFs have been developed, some empiric@dban soil texture
(Campbell, 1974, Rawkt al., 2005) or other soil properties (McKenzie andoiéer,
1997, Smettern and Bristow, 1999) and some phyamepiical methods using soil
pore-space models to predict saturated hydrauhduwctivity ( K )(Marshall 1958,
Mishra and Parker, 1990).

Adhikary et al. (2008) reported soil water content at a givertisnacould be
satisfactorily predicted using the percentage ojomsoil separates, sand, silt, and
clay. The coefficients in the soil water functiorene linearly related to the sand
content. Non-linear regression equations were dgeel to predict these coefficients
using the percentages of sand and clay in so#dil € al. (2009) predicted soil water
retention characteristics of shrink swell soils ngsiPTFs with coefficient of

determination of 0.88. Minasny and McBratney (2082aluated the performance of



several PTFs on datasets of saturated hydraulidumbivity for Australian soil and
showed use of a power functional model gave godiinates compared to other
models. They concluded that PTFs can provide usefoimation on a coarse scale
but their use for site specific may result in latgeertainties if no local calibration is
done or the measurement techniques are not takercamsideration. Estimation of
soil hydraulic properties by pedotransfer functidi’STFs) can be used in many
applications. Soil hydraulic PTFs are, in most sas®t specifically developed to
address one particular problem, but are developenh fa large data collection to
potentially provide information to many studies.eTnderlying databases usually
report on soil hydraulic properties determined awlisturbed soil samples. A PTFs
user will obtain predictions that reflect the interrelations of data in the underlying
database. Subsequent application of PTFs estinmatesnulation models without
knowing the nature of such correlations may leashéxplicable results and possibly
to incorrect or inefficient decisions (Nemes al., 2005). Water content at field
capacity (FC) and permanent wilting point (PWP) @ve most important hydraulic
parameters which indicate plant-available soil waégime and help in scheduling
irrigation to crops. Based on surface maps of thesehydraulic parameters, crops
with specific water requirements may be selectedditierent locations in a farm.
Direct measurement of these two parameters at prailibcations and preparation of
surface map is difficult, time-consuming and castiMoreover, as hydraulic
properties are controlled by several landform psees, these are highly dynamic
under field conditions. Alternately, these propestcan be estimated from some basic
soil properties using PTFs in a non-spatial ext8etzeral region-specific PTFs have
been developed throughout the world for estimahgdraulic properties from basic
soil properties. These PTFs can, therefore, be msgéenerating maps of results from
profile cone penetrometer (Kasenal., 1986).
1.3  Spatial variability analysis of soil properties

Soil properties that are spatially variable withelds include fertility, texture,
physical properties, chemical properties and déptianget al., 2002). Variability of
these properties within a field has been foundftecathe crop yield. For example,
Cox et al. (2003) reported that areas in a soybean field Wwigh clay content had
higher yield than areas with lower clay contenmig&irly, when the application of
water or water quality (salinity) is non-uniformftime field, the resulting soil moisture

properties may be an important factor in causingtiap variations in crop yield



(Sadleret al., 2000). Yield variability within surface-irrigatedefds has been related
to the spatial variability of available soil watdwe to non-uniform irrigation (Palmer,
2005). In this case the soil infiltration charatte and its spatial and temporal
variability is the single greatest factor in detammg the irrigation performance

(Gillies, 2007). The only form of water which cae beneficially utilized by the crops
is the soil water (Zhangt al., 1994), and soil water relations have been shtmwvn
explain more than 50% of infield yield variabili(ymark et al., 2002). Temporal and

spatial management of soil water can significaitrease water use efficiency (Jin
etal., 1999).

1.3.1 Studies on spatial structure

Spatial dependence can be quantified by drawing experimental
semivariogram and a suitable model can be chosdegcaribe the spatial structure of
measured property. Burgess and Webster (1980) therdirst to study the spatial
structure of soil properties using kriging methant interpolation of properties at
unvisited sites. They showed that spatial deperelesfc soil properties can be
quantified and modeled using one dimensional semoigeam. Semivariogram
models were developed for several measured sodigdlyproperties such as saturated
hydraulic conductivity, % sand, saturated waterteoty available soil water storage
capacity, soil bulk density, nutrient content ofl snd pesticide distribution in soll
((Qury, et al., 1991; Warricket al., 1986; Aggarwal and Gupta, 1998; Dhagal.,
1998; Newmaret al., 1997; Rao and Wagnet, 1985). Later, it was fteplothat for
presenting anisotropic variation of soil propertyo dimensional semivariogram
were required (Webster and Oliver, 2001). Mulla &nhcbratney (2002) discussed
the details of various steps of spatial variabilagalysis including collection of
samples, drawing of semivariogram, developmenteafigariogram model, analysis
of data for presence or absence of trend or dndighborhood search strategy,
different forms of kriging and their applicationsder different situations.

1.3.2 Spatial interpolation:

Spatial interpolations a procedure for estimating the values of a Wéeiat
unsampled locations. The interpolation techniquasroonly used in earth sciences
include as inverse distance weighting, cubic splinknear regression, ordinary
kriging and co-kriging (Leenaers al. 1990; Voltz and Goulard, 1994). Kriging is a
geostatistical technique for optimal estimation dra$ been applied widely to soll

properties. In kriging the appropriate semivariogranodels can be used to prepare



contour maps of the given soil property. Krigingthuels are superior to classical
methods when the property to be interpolated heek developed spatial structure
and measurements are made at spacing less theantieeof semivariogram .Warrick
et al. (1988) suggested that kriging would be the blesioe for a interpolator because
it is the only method that allows the variance wfigerpolated point to be estimated.
Interpolation by kriging for preparation of isantic maps of few soil properties was
carried out by Guptet al. (1995) and Dhaiyat al. (1998).

Several studies have compared kriging and classiegthods for interpolation
such as inverse distance weighting (IDW) and cuipikines (Dubrule, 1984). As a
general rule of thumb, kriging methods are equiviate superior to classical methods
when data to be interpolated have well developeatiapstructure, have a semi
variogram without a significant nugget effect amel sampled at spacing less than the
range of the semivariogram. IDW is more suitable dee with data having short
range variability (Cooket al., 1993).

1.3.3 Spatial variability in soil hydraulic properties:

Vieira et al. (1983) used variogram, kriging, and co-kriginghieiques to
determine the magnitude of spatial variation armmbred a range of 50 m for 1280
field measured infiltration rates. They sampledhmta 70- by 40-m area at the nodes
of a 10-m square grid and used classical and gesigtal techniques to study spatial
variability of sand, silt, and clay contents, aable water content (AWC), and water
stored at field capacity. The strongest correlatias found between sand content and
AWC and the cross variogram demonstrated that sant&nt was spatially correlated
with soil water content at 33 kPa within a distante30 m and with AWC within a
distance ok43 m. In a study by Kiliet al. (2004), it was reported that SWC, BD,
clay%, sand % and PR showed strong spatial caoea{low nugget variance/total
semivariance ratio). The results pointed out #patial variability of PR depended on
SWC, BD and several local features such as miggogmphy. Sobieragt al. (2003)
found no spatial structure ofiKwithin a range of 25 m. Heiskanen and Makitalo
(2002) reported a range of 44 and 100 m for them@intent and air-filled porosity
at 10 kPa. Campbell (1978) reported sand contenivagiogram ranges of 30 and 40
m for two different soil types.

In a study by Ersahin (2003), spatial variabilityfield-measured infiltration
rate (IR) and soil properties having significanatsg correlation to IR were studied

using kriging and cokriging procedures. Percentafgkme, silt, bulk density, water



content at -1.50 MPa soil water potential in topsand soil water contents at -0.03
and -1.50 MPa soil water potentials in subsoil weignificantly correlated to IR
within distances ranging from 165 to 215 m. Resfiltsn cross validation revealed
that subsoil bulk density was the most represesgaduxiliary variable of IR. The
stratification of different sediments deposited top of each other spatially vary,
therefore, it is important to study not only theées of surface spatial variability, but
also the distribution of subsurface horizons (Igkiél., 2005). In a study conducted
by Ersahin (2003) for comparing cokriging with ordiy kriging for interpolating
infiltration rate (IR), it was observed that cokng provided no advantage over
kriging when data were sufficient. With kriging, 4&bserved IR values were
sufficient to obtain the same information as 50epbations. However, using cokiging
with 120 bulk density values, 40 observed valuetRofvere sufficient to obtain the
same information from that obtained with 50 fiel@éasurement of IR. This indicates
that cokriging was more successful than kriging nviie is undersampled. Martinez
(1996) showed that cokriging was only minimally sdpr to ordinary kriging when
auxiliary variables were not highly correlated tonmary variables. This suggests that
use of a correct auxiliary variable is important dbtain successful results from
cokriging. In addition, to ensure the validity bktestimates made by kriging and co-
kriging, the semivariogram and cross-semivariogravhghe variables used must
accurately describe the spatial structures.

1.3.4 Precision farming (PF)

Precision agriculture or farming has been definefaaming with preciseness
(Kitchenet al., 1996) or as targeting the inputs of arable cnaapction according to
crop requirement on a localized basis (Stafford6)9Various other terms have been
employed to describe precision farming includinge specific, spatially variable,
prescription, and variable rate. All of these termean essentially the same thing
although some people infer slightly different memsi. For example, Rawlins (1996)
drew an interesting distinction between precisiord grescription farming. He
defined precision farming as having the capabibtypply inputs precisely when and
where they are needed, but identified that presonpgfarming requires a real-time
knowledge regarding the processes which are lignigroduction at any time in all
areas of the field. PF is a management philosoplapproach to the farm and is not a

definable prescriptive system. It identifies thiéical factors where yield is limited by



controllable factors, and determines intrinsic spatariability. It is essentially more
precise farm management made possible by modemndtgy.

The variations occurring in crop or soil propertigghin a field are noted,
mapped and then management actions are taken asmsaqcience of continued
assessment of the spatial variability within thieldif Development of geomatics
technology in the later part of the 20th centurg lagded in the adoption of site-
specific management systems using remote sensi8y (fobal positioning system
(GPS), and geographical information system (GIS).

This approach is called PF or site specific manayenit is a paradigm shift
from conventional management practice of soil amgh ¢n consequence with spatial
variability. It is a refinement of good whole fieldanagement, where management
decisions are adjusted to suit variations in resmwonditions. Statistically, the
precision farmind® = 1 — SD, where, SD is standard deviatiBr 1, indicates highly
homogeneous field an® = 0, is a complex system, which describes maximum
variability of field.

Conventional agriculture is practiced for uniformpécation of fertilizer,
herbicide, insecticides, fungicides and irrigatiowjthout considering spatial
variability. To alleviate the ill-effects of ovemd under usage of inputs, the new
concept of PF has emerged. Site specific manageimespatial variability of farm is
developed to maximize crop production and to mimer@nvironmental pollution and
degradation, leading to sustainable developmerd.rébommendations of production
inputs for each variable portion of the field colld adjusted to optimize output
according to the agronomic, economic and envirortat@woals through minimization
of production cost.

Most work on precision farming appears to have béeected toward the
application of temporally separate responses, driaygparently by the disciples of
GPS/GIS and yield mapping technology. Rawlins (398ggested that these and
other technologies have made it possible for fasn@@apply spatially variable inputs
such as variable seeding and fertilizer applicatiates. However, prescriptions to
apply these inputs are typically empirical, basadgdd sampling of soil properties.
The spatial factors responsible for yield variapiinclude irrigation uniformity, field
topography, fertilizer uniformity, genetic variatio soil hydraulic and nutritional
properties, microclimate differences as well ag pesl disease infestation (Zhaetg

al., 2002). Climatic factors such as rainfall, tengpere and radiation also vary



temporally. Water commonly has a leading role amtreg factors responsible for
spatial and temporal yield variability and is a amainput resource for precision
management (Sadleral., 2000; Warrick & Gardner, 1983).

1.3.4.1 Applications of spatial variability analyss in precision farming:

Delineation of compacted zone for precision tillage

Knowledge of the soil hydraulic properties is inmiasable to solve many soil
and water management problems related to agrieylesology, and environmental
issues. These properties are needed to describpradidt water and solute transport
near the soil surface and also within soil proft®rneliset al., 2001). So, knowledge
of the soil hydraulic properties is needed for mapplications in hydrology,
agronomy, meteorology, and environmental protedfiammaselleet al., 2003).

In most of the medium textured alluvial soils, natrtillage (up to 0.15-0.20
m depth) along with the excessive use of disc implats and heavy machinery result
in development of compacted, impermeable subsur@ger between 0.15- 0.3 m
(Aggarwalet al., 1997). When traffic compaction occurs below tleemal depth of
tillage, subsurface hard pan layer restrict rooingh, which in turn limits crop yield,
especially during drought (Taylor and Gardner, )98Bese excessively compacted
layers may reduce soil aeration and soil wateltiafion that could accelerate erosion
and runoff. Under such situations, deep tillageudy soiling is required to disrupt root
restricting layer for optimum root growth (Busscla@d Bauer, 2003 and Raptal .,
2004a).

Precision tillage was described by Carter and Treatér (1968) as tillage
wherein tillage depth was precisely specified tcheand disturb a compacted “pan”.
As the concept of GPS-based precision agricultasedained acceptance, the idea of
precision tillage has evolved to include real-ticentrol of a “smart” tillage tool
(Schaapet al., 1998) and variable depth deep tillage (Ragteal., 2004a). In other
word we can say that Precision tillage or site-Bpmetillage is a component of
precision agriculture management strategy that eyspdletailed site-specific soil and
crop information to precisely manage the producimgputs (Naigianet al., 2000).
Site-specific tillage in particular is geared todaiachieving the goals of sustainable
agriculture by determining within field variabilitgnd providing more accurate soll
compaction records, and optimizing the tillage inmuthin the field where root
limiting soil compaction exists. The success oé-sipecific tilage depends on the

availability of economical, rapid, easy and preasd strength sensing technology,
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management of within field variability, accuracyfald positioning and controlling
the application of real-time or prescribed siteesfpe tillage. In precision tillage, a
precise detection of soil hardpan is important beeaerrors of a few centimeters
could cause large variations in accurately locathegy soil hardpan and site-specific
tillage depth recommendations.

Many researchers have found that the soil hardpamers exhibit spatial
variability within a field and suggested that sfeecific tillage has potential in
reducing tillage energy and fuel consumptions asypayed to the conventional
uniform depth tillage (Fultoret al., 1996; Rapeet al., 2000; Rapeket al., 2004a).
Raperet al. (2000) estimated about 50% reduction in energyirements for shallow
tillage (approximately 18 cm) as compared to delgge (approximately 33 cm).
Thus, precision deep tillage is attractive from th&andpoint of eliminating
unnecessary tillage.

Remote sensing methods such as LANDSAT satellitgges are useful in
identifying areas of poor drainage that may indicatompacted soil. Such
information is usually verified by comparing withiged maps of soil penetration
resistance before applying precision deep tillaGeostatistics is widely used in
mapping soil properties for precision agricultuka.increasing number of farmers (or
their consultants) are using geostatistics to emeeyield, improve profit, and soften
the impact on the environment. A precision farmapgroach recognizes site-specific
differences within fields and adjusts managemetibia€ accordingly (Fraissd al.,
1999).

Geostatistics provides a method for the analysithefspatial and temporal
properties in a data set and a method of interpoldietween selected points. It is
based on the theory of regionalized variables, lesathe interpretation of results
based on the structure of natural variability ggaaameter, taking into consideration
the spatial dependence within the sample space.

Still et al. (1982) conducted a comprehensive study of factaffecting
penetration resistance (PR) in coarse textured soithe Atlantic Coastal Plain, and
used stepwise regression to relate mechanical iampedto various measured soll
properties. The highest correlation coefficientseMeund for a regression model that
included soil water content, soil particle roughsasd bulk density.

Hendersoret al., (1988) tried to study the effects of BD and SWCPR. The
value of PR was only slightly affected as SWC weduced to less than 70% of the
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field capacity water content. As the soils wereedrifurther, PR increased

exponentially. At all water contents, increase D ®was found to markedly increase
PR. Since, soil moisture varies both spatially sardporally and is only one of the

soil variables related to PR; the utility of usiAg to determine compaction effects is
marginal. Moreover, interpolation of penetrometatadis difficult because water

content or density measurements can generally e¢aken at the exact same spatial
location as the penetration resistance measurement.

1.4 Soil quality /health

1.4.1 Definitions:

The various chemical, physical, and biological gres of a soil interact in
complex ways that determine its potential fitnesgapacity to produce healthy and
nutritious food. Soil health is a term which is eigl used within discussions on
sustainable agriculture to describe the generalition or quality of the soil resource.
The integration of these properties and the regulevel of productivity are referred
to as "soil quality". Soil quality, soil health, drsoil condition are used in various
ways and sometimes interchangeably. Soil qualitmetones refers to the inherent
potential of soil, in contrast to soil health orilsoondition. Karlen,et al. (1997)
attempted to differentiate between "inherent" atghamic" soil quality. They linked
"inherent" quality with characteristics determinley soil formation factors stating,
"Soils with differences due to their forming fadohave different absolute
capabilities.” They also state that dynamic so#ldqy reflects "Changes associated
with current or past land use and anthropogenic agament decisions.”
Differentiation between "inherent" and "dynamic"ilsquality was apparently
prompted by concern raised over comparing soil iyuaidex values for different
soils. Karlenet al. (1997) stated, "Soil quality index scores areagisvrelative, not
absolute.

Soil health also defined as the continued capadigoil to function as a vital
living system, by recognizing that it contains bgkal elements that are key to
ecosystem function within land-use boundaries (Boaad Zeiss, 2000). These
functions are able to sustain biological produtyivf soil, maintain the quality of
surrounding air and water environments, as wefiramote plant, animal, and human
health (Doranet al., 1996b). Soil management is fundamental to aticafjural

systems, yet there is evidence for widespread dagjom of agricultural soils in the
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form of erosion, loss of organic matter, contamorgtcompaction, increased salinity
and other harms.

The term "soil quality" came into vogue in the 199@llowing a 1993
National Research Council Committee (NRCC) repaoriang-range soil and water
conservation entitled "Soil and water quality. Tdevelopment of the concept and its
application in land management has been highlyrovetsial among soil scientists
since its inception. Although the physical, chemiead biological composition of
soil varies widely, and none can be established atandard state, scientists have
attempted to define and quantify soil quality. Maogncepts proposed since the
National Research Council Committee report is basedapers by Larson and Pierce
(1994). They defined soil quality as "The capadtya soil to function within the
ecosystem boundaries and interact positively viiéhexternal environment.” The Soil
Science Society of America (1996) definition dessaslightly: "The capacity of a
specific kind of soil to function, within naturat managed ecosystem boundaries, to
sustain plant and animal productivity, maintaineahance water and air quality, and
support human health and habitation.”

The Rodale Institute Research Center sponsoredrieshap in July 1991 to
discuss the attributes of soil quality and wheth®eey could be quantified into
meaningful indices that could predict the effecté aegradative processes,
conservation practices, and management inputs. Widr&shop proposed that soll
quality be defined as: The capability of a soiptoduce safe and nutritious crops in a
sustained manner over the long-run, and to enhamean and animal health, without
impairing the natural resource base or adversédgtafig the environment.

1.4.2 Indicators of soil health (Soil quality)

Soil quality indicators are important. They referthe capacity of a soil to
function within ecosystem and land use boundattesustain biological productivity,
maintain environmental quality, and promote plantl animal health (Doran and
Parkin, 1994). Information about soil chemical gmysical properties can be used to
answer the questions about soil quality and fdreatth.

Soil quality information contributes to the invegtiion of several key
agroecosystem concerns: (1) the productivity arstbsuability of agricultural system,
(2) the conservation of soil and water resourc8} tife accumulation of persistent
toxic substances, and (4) the contribution of adiice systems to the global carbon

cycle. The set of indicators used to determineiles spality is also called a minimum
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data set. To select a minimum data set, two maithads have been established:
expert opinion and statistical data reduction.

Expert opinion, by definition, requires expert kredge of the system. Using
a hierarchical framework for choosing the indicataray help make selection more
systematic. Management goals dictate the soil fonstof interest, which in turn,
suggest related indicators. For instance, if animaste disposal is a goal for a
particular field, filtering and buffering is an imngant soil function. Under filtering
and buffering, organic matter content and pH aremal indicators. The indicator
set must be further refined according to climatgl, &nd plant community or other
factors. This is the method used by the Soil Mamagg Assessment Framework.

Statistical data reduction has been demonstrateceftectively choose
indicators in a number of soil systems (Andresvsl., 2004; Andrews and Carroll,
2001). This method can eliminate disciplinary bihat could be a problem with
expert selection of indicators but it does assuma¢ appropriate candidate indicators
are in the original data set (so a minimum levekmmdwledge is required). The major
weakness of this method is the need for a largstiagi dataset. It is unlikely that
managers will have access to data sets that atabkuin size (either number of
indicators measured or number observations madejate this method feasible for
individuals use.

There are two ways in which the concept of soillthebas been considered,
which can be termed either ‘reductionist’ or ‘inteigd’. The former is based on
estimation of soil condition using a set of indegemt indicators of specific soll
properties—physical, chemical and biological. Theductionist approach has much
in common with conventional quality assessmentstirer fields, such as materials
science. The alternative, integrated, approach smtieeassumption that the health of
a soil is more than simply the sum of the contidng from a set of specific
components. It recognizes the possibility thateheme emergent properties resulting
from the interaction between different processes@nperties.

Efforts to characterize soil quality have focusedharily on soil chemical and
physical properties because relatively simple ardndardized methods of
measurement are available. Soil biological propsrthave been neglected largely
because of the difficulty in quantifying and predaig soil biological behavior.

Consequently, no single reliable indicator of spiblity has been designated.
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Improved soil quality is generally indicated by reased infiltration,
macropores, aggregate size and stability, soil recgenatter, and aeration, and by
decreased soil resistance to tillage and root pstinmt, and decreased runoff and
erosion (Granatstein & Bezdicek, 1992). More attentshould be given to soill
biological properties because their relationshiptgh veoil chemical and physical
properties, plant health, and food quality are obsly important, but poorly
understood. Plant health and nutritional qualityyrpeove to be useful and reliable
indicators of soil quality (Hedlund & Witter, 2003)

Soil quality indicator is a chemical, physical aolbgical property of soil that
is sensitive to disturbance and represents perimceaf ecosystem function in that
soil of interest. These are dynamic soil properti®eil properties are chemical,
physical, or biological characteristics of soil winican indicate its level of function of
ecosystem services.

Scientists use soil quality indicators to evaluadg well soil functions since
soil function often cannot be directly measuredasteing soil quality is an exercise
in identifying soil properties that are responstegemanagement, affect or correlate
with environmental outcomes, and are capable afigogrrecisely measured within
certain technical and economic constraints. Sadlliuindicators may be qualitative
(e.g. drainage is fast) or quantitative (infiltoat= 2.5 in/hr).

Ideal indicators should correlate well with ecosystprocesses, integrate soll
physical, chemical, and biological properties amdcpsses, be accessible to many
users, be sensitive to management and climatepi@anents of existing databases,
and be interpretable (Doran and Parkin, 1994). § hee three main categories of soil
indicators: chemical, physical and biological. Sgilality attempts to integrate all
three types of indicators.

The table below shows the relationship betweencatdr type and soil
function.

Indicator category Related soil function
Chemical Nutrient cycling, Water relations, Buffegi
Physical Physical stability and supporgté relations, Habitat

Biological Biodiversity, Nutrient cycling, Filterm
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Some indicators are descriptive and can be usdaeirield as part of a health card.
Others must be measured using laboratory analyses.

Chemical indicators can give information about gwuilibrium between soll
solution (soil water and nutrients) and exchanggsdclay particles, organic matter);
plant health; the nutritional requirements of plant soil animal communities, levels
of soil contaminants and their availability for aké by animals and plants. Chemical
indicators include:

« Organic matter measures, such as total organiooabd total nitrogen

- Soil fertility measures, such as soil test phospsormineral nitrogen,

exchangeable potassium, and micronutrients

« Soil reaction (pH)

« Measures of toxic contaminants, such as arsercopper.

- Measures of salinity or sodicity, such as electricanductivity, sodium

adsorption ratio, and exchangeable sodium percentag

Physical indicators provide information about $gitirologic characteristics such
as water entry and retention which influences abdity of water to plants. Some
indicators are related to nutrient availability thyir influence on rooting volume and
aeration status. Other measures tell about erdsstetas. Indicators include measures
of:

« Water flow into and through soil, such as porositater infiltration rate and

water retention

« Soil structure, such as porosity, bulk density, soidldepth

« Soil aggregate size

« Physical stability, such as aggregate stabilityl,d&pth, or soil loss

Biological indicators can tell about the organistnat form the soil food web,
which are responsible for decomposition of orgamatter and nutrient cycling.
Information about the number of organisms indicatesoil's ability to function or
bounce back after disturbance (resistance andems#). The full consequences of
extinction of organisms are unknown. Indicatordude measures of:

« Active organic matter pools, such as microbial kagscarbon or respiration

- Diversity indices for various soil organism popudas, such as earthworms,

nematodes, and micro- arthropods

- Biological activity, such as enzyme activity, pdialtly mineralizable nitrogen

or respiration (C@production)



16

1.4.3 Different indices developed by researches jpast

While some of the indicators of soil quality maydsnsitive to change, others
may be more subtle. The overlying question is wérethe can measure and quantify
these indicators and develop them into a Soil Quélidex that can be used reliably
to monitor and predict the impact of farming sysseamd management practices on
soil productivity, environmental quality, food sifeand quality, and human and
animal health. Soil quality index is a useful tdor assessing the overall soil
condition and response to management, or resilietm@ards natural and
anthropogenic forces. The ultimate goal is to dgvel mathematical relationship or
model that could quantify the various attributesoi quality, and from it derive one
or more indexes for simulation and prediction. Sachelationship could take the
following form:

Soil Quality Index = f(SP, P, E, H, ER, BD, FQ, MI)

Where; SP = Soil Properties, P = Potential ProgitgtiE = Environmental Factors,

H = Health (Human/Animal), ER = Erodibility, BD =i@ogical Diversity,

FQ = Food Quality/Safety, and Ml = Management Isput

Larson and Pierce (1994) proposed that soil quélijycan be expressed as a function
of attributes of soil quality. Examples of soil djtiaattributes are soil organic matter
(SOM) or carbon, texture, structure, pH, electrmahductivity (EC), etc. Larson and
Pierce (1994) suggested that conservation enhamteonesoil degradation can be
evaluated by measuring Q at different times (dQ/dt)

Doran and Parkin (1994) described a performanceebasil quality index
consisting of six elements: SQ = f(SQEI, SQE2, SCGHJIE4, SQES5, SQEG6), where:
SQE1 = food and fiber production, SQE2 = erosivBRE3 = groundwater quality,
SQE4 = surface water quality, SQE5 = air qualityd &QE6 = food quality. They
reasoned that one of the highest research premi@uld be to establish guidelines
and thresholds for soil quality indicators to emaldentification of relationships
between measured attributes and functions. Thisldvparmit valid comparisons
across variations in climate, soils, land use, madagement systems. They claim that
the map accurately reflects soil resource potemviakgricultural production in the
absence of human intervention. That is a partiqulaoot point because there can be
no agricultural production without human interventi The truly important

information is the soil potential to produce crpgth management.”



17

Andrewset al. (2004) applied soil quality concept in crop protion research.
They reported results from on-farm trials in Caiifia's Central Valley. Farmers who
were willing to use a cover crop, compost, or maramendments on alternate fields,
for comparison to a conventional treatment thatraitireceive organic supplements,
were selected for the study. As Andrestal. (2004) explained, the farmers on all but
one farm were unwilling to risk possible revenuessladrom reducing synthetic
fertilizer applications on the alternate fieldse®ing organic nitrogen (N). Synthetic
and organic fertilizers were applied in the altérreatreatment, which was reported as
a "C supplement” rather than N fertilizer. Thus]ds receiving "C supplements” also
had higher total N applied, creating two experiraéntriables (organic C and total
N), confounding the effect of the two variables.

A quantitative relationship between indicator scanel indicator level had to
be established (i.e.; a score between 0 and 1 ias=tavith the level of each soil
indicator such as soil organic matter, bulk densdic.). This relationship was
determined by consensus of the researchers invalndditerature values quantifying
the relationships between indicators and soil flonst There is a direct effect of
electrical conductivity (EC), pH, and Zn on plantogth, whose functional
relationships can be based on data. Neglectedeirdigcussion, however, was that
each relationship is crop-specific. For example, BEC function depends on each
crop's salt sensitivity. Soil organic matter (SOAmd water stable aggregates have no
direct effect on plant growth. The investigator®sd a sigmoidal relationship with a
zero indicator score for zero aggregates and adoge of 1 when the aggregates were
100% stable. The relationship between indicatoresemd magnitude of the indicator
should represent the functional relationship betwt#e indicator amount and crop
production, assuming all else is equal. Zero oy Vew yield, attributed to low soll
organic matter or water stable aggregates, is listiea In other words, these
relationships were dependent upon the percepti@aises, knowledge, and/or lack of
knowledge of those creating the scale. Thus, theyhgghly subjective and scores
could be highly misleading. A soil quality index svaalculated by multiplying the
individual indicator value by its weighting fact@nd adding the values for all
indicators at that site. The highest weighting destwere for soil organic matter and
electrical conductivity. Since electrical condutyiwalues were low and no limiting,
the soil quality index values among treatments dded entirely upon soil organic

matter. Thus, the organic system received the bigkeil quality index values--a
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quite predictable result. Andreves al. (2004) ignored risks to groundwater or other
possible negatives from high manure rates needgdottuce high soil quality index
scores, as well as application economics, logistéing inadequacy of manure supply
to provide nutrients to more than a small fracobragriculture.
1.4.4 Physical rating index

Physical rating of soils is an efficient tool favrstraint analysis required for
assessing their production potential (Gupta, 1986)and-use planning, important
soil parameters, such as soil texture, depth, shoyleextent of erosion, were used for
deciding the suitability of lands for different gssuch as agricultural, horticultural,
forestry or grassland for maintaining soil produityi and preventing environmental
degradation (Dhruvnarayandt, al., 1997). Physical rating of soils for agricultural
land is one step ahead. In this method, in addiiobasic physical parameters, few
more dynamic parameters such as bulk densitytraiibn rate, soil organic matter,
water table depth and available water storage dgpawere used for physical
constraint identification along with the estimation relative magnitude of their
severity. Accordingly, the production potentialtbése soils could be predicted under
optimum levels of water and fertilizer inputs alowgh the adoption of appropriate
plant protection measures (Gupta and Abrol, 19€3jiciency of any suggested
management practice for alleviating these congsaould be assessed in terms of
changes in its rating value and hence its prodngimential.
Aggarwal and Choudhury (2005) computed physicalingatindex of a few
representative soil series of Delhi region for asseent of their production potential
and to recommend appropriate soil management peactihich could increase their
physical rating index values and thus could brimgpriovement in production
potential. Parameters used for calculating physeiéng index of soil series were
soil depth, bulk density, infiltration rate availalbwater storage capacity, aggregation
in terms of % soil organic matter in upper soildgyper cent non-capillary pores, and
per cent land slope. Among the 11 series studieskris had coarse texture, low
organic matter, high infiltration rate and low deble water storage capacity
(AWSC) and physical rating index values of the pesfstudied ranged between 0.35
and 0.48 and hence, their productivity ratings were. In order to improve the
production potential of these soils, suggestedtimex included compaction by 500
kg roller to improve available water storage cagyaeind reduce infiltration rate,

incorporation of green manures, farmyard manummtplesidues into the soil in order
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to improve organic matter status. Soils of 5 sehad medium to fine texture and
their physical rating index values ranged betwe&@-0.86. Hence, their productivity

ratings were medium to high. Crusting and low orgamatter were the major

constraints of these soils. Subsurface compactias also one of the constraints in
few cases. Suggested management practices inctudpdesidue, farmyard manure
or green manure incorporation into the soil for toying aggregation and reducing
crusting and chiseling to break subsurface parls i3 series on the catchments of
river Yamuna had variable texture, slope and wénaised. The major constraints

included seasonal flooding leading to soil erosiwhich resulted in the formation of

gullies. Physical rating index values of these sseifiried between 0.22 and 0.65.
Production potential of these soils could be impwy adopting suitable soil

conservation measures (Aggarwal & Goswami 2003).

1.5  Objectives:

Study was conducted with following objectives:

o To carry out two-dimensional spatial variability adysis of soil hydraulic
properties in a big farm to delineate compact zdoegdicating precise tillage
requirement

o To assess and map the spatial variation of sosiphi/health in the farm

o To examine correlation between spatial variationsoill physical health and
yield of crop in the farm
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2. MATERIAL AND METHODS

2.1 Details of field experimental site

The present investigation was carried out in a fielel near Kherli village,
Dankaur Block (28° 17'59" N, 77° 32'04” E) in Nata Capital Region (Fig.2.1).
The climate of study area was semi-arid, subtropicth extreme hot summer and
cool winter. The mean annual rainfall was about 800, 80 per cent of which was
received during July to September. Mean relativenidity reached its peak (70 %)
during the rainy season months. Mean wind velogityed from 3.5 km Kt during
October to 6.4 km Hrduring April.

In order to measure saturated hydraulic condugtiin field and other
relevant soil physical parameteitg5 observation sites were chosen at a grid spacing
of about 30 m x 45 m covering a total areal®f6 hectare. The coordinates of each
sampling location were recorded using a differérglabal positioning system unit
(Fig. 2.2). At each site, field saturated hydrawlanductivity (Ks) was determined
using Guelph permeameter.

In addition to this, disturbed and undisturbed sainples were collected from
0-15 cm and 15-30 cm soil layers. Core samplerwsasl for taking undisturbed soill
samples mainly for soil bulk density (BD) deterntioa and for drawing soil water
retention curve, while disturbed soil samples wekected by using a screw auger
(Fig. 2.3) for determination of soil texture, amgc matter and saturation percentage.
Disturbed samples were air dried and sieved (2 befgre analysis.

2.2  Soil parameters studied:
2.2.1 Field saturated hydraulic conductivity (Ks):

Saturated Hydraulic Conductivity in field was measl by Guelph
permeameter (Fig. 2.4) which is a constant headl pegimeameter (Reynolds, 1993,
Reynoldset al., 2002) consisting of a mariotte bottle that maiimé a constant water
level inside a hole augered in the soil. The metimlves measuring the steady-
state rate of water recharge into the soil fromykndrical well hole, in which a

constant depth (head) of water is maintained.
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The analysis of steady-state discharge from a dsial well in unsaturated
soil, as measured by the Guelph Permeameter taehaigounted for all the forces
that contribute to three dimensional flow of waiteto soils: the hydraulic push of
water into soil, the gravitational pull of liquidubthrough the bottom of the well, and
the capillary “pull” of water out of the well intine surrounding soil.

Equation for one-head analysis for:K
cQ
2 H? + ma’C + ZJIH/aH

Kfszll

Where;

Kts- Field-saturated hydraulic conductivity (entrappédpresent), in cm/sec.

R - Steady state rate of fall of water in the resirtube of the permeameter, in
cm/sec.

Alpha parametero - slope of the natural log of K — Q curve = Ocii* for most of
agricultural soils, H - Well height in cm, a - Wedldius, in cm,

Q = XR, where X - reservoir constant = 35.43cm

C-Factor - a numerically derived shape factor, ddpat on the well radius and head
H of water in the well.

2.2.2 Soil bulk density:

Soil bulk density (BD) of each site was determineby using core method
(Fig. 2.5). For this purpose, a core cutter of &b diameter and 15 cm height was
used. Core cutter held an assembly of a sectigiabder (core) of 6 cm diameter and
6 cm height with 2 rings of same diameter but 2henght on either side of it and was
screwed to the collar of sampler (2.5 cm high) fittve upper side. Collar of the cutter
was attached to a galvanized thick hollow iron obahearly 85 cm height. The other
end of the rod was attached to a handle. The bqgtamof the cutter had a sharp edge
and nearly 2.5 cm of the bottom portion of corderutvas slightly bent inward, hence
the inner assembly remained above 2.5 cm from bogtart of cutter.

For taking samples, the assembled core cutter wagigned over a clean
leveled surface and pressed inside the soil byingtdhe handles or by dropping a
hammer over the center portion of the upper enthe@thick rod until the edge of the
collar came to rest over the soil surface. Coreecutas then moved back and forth to
loosen the soil grip around it. It was then slovgylled out of the hole. After
unscrewing the cutter from the collar, the unise€tional cylinder with rings on each

side was taken out carefully. Rings with undistdrbeil were used in pressure plate
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apparatus for determination of water retentionratigristics , whereas soil of the
sectional cylinder (after removing the extra stitking out the cylinder) was taken
out in aluminum can, oven dried and oven dry BB watermined by dividing the
weight of oven dry soil by volume of sectional oyler.

2.2.3 Water retention characteristics:

Soil water contents6] at field capacity drc) and permanent wilting point
(6pwp) Were measured by pressure plate apparatus.

The pressure plate apparatus consisted of a peeskamber enclosing water
saturated porous plate, which allows water but gm&y air flow through pores. The
porous plate remained open to atmospheric presstutee bottom, while the top
surface was at the applied pressure of the chaniledisturbed soil cores of
thickness 2 cm were placed in the porous platevemi@ left to saturate in water.
After saturation was attained, the porous platé wie saturated samples was placed
in the chamber and 0.33 bar of gas pressure wdredp force water out of the soil
and through the plate. Flow continued until equilih between the force exerted by
the air pressure and the force by which soil watas being held by the soil was
reached, which took nearly 2-3 days and after $bis water content of the sample
was determined gravimetrically. It correspondeddib water content retained by soil
at 0.33 bar fgc %). Similarly soil water content at 15 bars wasoatletermined
(6pwp). Saturation water percentspt) of each sample was also determined
gravimetrically (Singh, 2001).

2.2.4 Drainage porosity and available water content

Drainage porosity or noncapillary pores and avélawater contentwere
determined by following formulae:

Drainage porosity (%) 8sat (%) - 0rc (%) ,and

Available water retention capacity (AWRCY=c (%) - 0pwp(%0)

2.2.5 Soil texture:

Hydrometer method (Bouyoucos, 1962) was used termhte sand, silt and
clay percentage for each sample. USDA texturahgf@ was used to determine
textural classes.

2.2.6 Soil organic carbon (OC):
Soil organic carbon for each soil sample was meashy Walkley and Black

(1934) method. In this method organic matter isdmed with chromic acid
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(potassium dichromate + H2S0O4) and the unconsuratsgium dichromate is back
titrated against ferrous sulphate or ferrous amomarsulphate (redox titration).

2.3  Classical mtistical methods):

2.3.1 Statistical analysis:

Descriptive statistical analysis was carried out Kg, BD, 0pwp, Orc, OsaT,
drainage porosity, AWRC, OC %and %, silt % and clay %.

Statistical analysis of data included examinatibthe mean, maximum and
minimum values, standard deviation (SD), varianuo@ eoefficient of variation (CV),
Skewness, Kurtosis, and median.

2.3.2 Stepwise multiple regression model

A stepwise multiple regression equations (Pedoteanfinctions) were
developed for predicting some dependant varialdesh as; K, AWRC, Orc ,0pwp,
drainage porosity, BD as a function of OC %, clay $itt % and sand % using
“Statistica Pro-2004 " software package. Sincevakee of degree of freedom (df)
was large (>120), t value at 5% level of sigmifice if found >2, then independent
parameter was considered to have significant etieailependent variables. Or other
way if p value of parameter was <0.05, then also ghrameter was considered to
have significant effect on dependent variables.

2.4 Geostatistical analysis:

Preparation of surface maps of field saturated duldr conductivity and bulk
density using geostatistical analyst (Johnstbal. 2001) involved two key steps:
exploratory spatial data analysis, and spatialctitral analysis and interpolation
through kriging.

2.4.1 Exploratory spatial data analysis (ESDA):

ESDA involved exploring the distribution of the datooking for global and
local outlier, looking for global trends, examiningpatial autocorrelation, and
understanding the covariation among multiple dasase
2.4.2 Spatial structure analysis and kriging usingeostatistical analyst wizard:
Stepl: Choice of suitable interpolation method:

The first step of this analysis was to choose thpr@priate geostatistical
method of interpolation which could be ordinarygiknig, simple kriging, universal
kriging or cokriging. The decision for a particuliaterpolation technique could be
taken from the observations made in ESDA. If nandren data was observed

oridinary kriging was chosen. If trend was preseniyersal kriging was used. If one
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wanted to prepare the surface of the parameter eviiakie exceeded a particular
threshold value then indicator kriging was used.
Step 2: Drawing empirical semivariogram and fittingappropriate model

Again using the information obtained from ESDA, felient available
anisotropic or isotropic semivariance models wetted to empirical semivariance
cloud data (scatter plot).

Step 3: Searching neighborhood for kriging:

Neighborhood shape was kept spherical if the englisgemivariogram of data
showed isotropy and elliptical if it showed anisgly. Again in order to avoid bias in
a particular direction the ellipse was divided auif sectors and a minimum of 2 or
maximum of 5 sampled data points were selectedch sector.

Step 4. Cross validation of models and preparationf predicted surface:

All the models were cross validated by plotting predicted values against
observed value and fitting a line through the scgitot. More closer was this line to
1:1 line better was the fit. For all layers, thesti#ted model was the one which gave
lowest RMSE and also its average standard erroiSB\Whearest to root mean square
prediction error or alternatively root mean squstendardized error (RMSS) nearest
to one.

Finally the values at the unvisited location weredicted by multiplying the
weights of the sampled data points by their vahres then adding them together. For
the presenting the prediction map as filled corgptine maximum, minimum and
contour interval were specified.

2.4.3 Delineation of the compacted areas

By inspecting the prediction map, the area havirgualue of i parameter
less than its critical limit of 24 cm/day and BD.53 Mgm?® was delineated as
compact areas (Gupta, 1986).

2.5 Methodology for computing soil physical healthindex (PI):

For a given site, each of these parameters wagnassia rating value
corresponding to its actual value by referringdbng chart (Gupta, 1986). Each of
this parameter was given a score of 1 if the paramalue lies within the optimum
range. If the value lies below or above the critioait, a score less than 1 were
given. Greater the deviation of parameter valuenfaptimum range, lesser the score
given to it. The product of rating values of aléthight parameters gave the physical

rating index. Pl was an indicator of overall sdilypical health status. For range of PI
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>0.75, 0.50-0.75, 0.25-0.50 and <0.25, soil ptaidnealth status and accordingly its
production potential could be labeled as very gogdod, medium or poor,
respectively.

As per physical rating methodology suggested byt&(}986), same ranges
of soil parameters were assigned different ratirdues under rice and wheat
cultivations because optimum soil physical envireninrequired for their growth

were different.
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3. RESEARCH PAPER -1

Two-dimensional spatial variability analysis of hydaulic conductivity in a
big farm to delineate compact zones
3.1  Abstract

To delineate compact zonespatial variability analysis of saturated hydrauli
conductivity (Ks) and bulk density (BD), was conducted in a ricesathfarm in
National Capital Region, India. The study also ame develop pedotransfer
functions of hydraulic parameters as function o$ilgameasurable soil physical
parameters. Hence, soil samples at 145 locatiomasgaid interval of 30 m x 45 m,
covering a total area of 19.6 hectare of farm welected from surface (0-15 cm)
and sub surface (15-30 cm) soil layers. Resultsaled that in 15-30 cm layer, the
average values of (Kand drainag@orosity were reduced but the average values of
BD and clay% were increased which confirmed thesgmee a plow pan in
subsurface. The descriptive statistical analysmwshthat, among the different soll
physical parameters BD had the lowest coefficiehvariation (CV) followed by
permanent wilting pointdewp) and Kshad the highest CV, followed by field capacity
(6rc). The computed correlation coefficient between poperties also showed that
Kts is positively correlated to sand and organic mai@C) and negatively to clay.
Stepwise regression analysis of,Kevealed that among all soil physical parameters,
clay had maximum influence onKTwo dimensional spatial variability analyses of
Kts indicated that both soil layers had similar spagtaucture and ordinary kriging
was the best choice, among several methods ofpoitgron. Comparison of cross
validation statistics of various models also showret for Ks, Gaussian model was
most suited semivariogram model. So, ordinary kggwith Gaussian model was
used for drawing prediction map ofsKSimilar results were also obtained for BD. In
general, the ratio of nugget to sill values fat End BD was low (< 25%), which
showed strong spatial dependence of the parame€ms.comparing the log
transformation data and without transformation ddtaemivariograms of Kfor the
same sampling intensity it was observed that the d&hout transformation reduced
the mean of prediction error (MPE) value to nearozend hence improved the
prediction map in comparison to log transformatideta. It means kriging as a
predictor does not require data to be normiie prediction maps of iand BD for
both layers also indicated the presence a hardpan <0.16 cm/hr and BD
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>1.55Mgni°) in the subsurface. Hence deep plowing shouldebemmended for the
area having plow pan.

Keywords: spatial variability analysis, saturated hydrautonductivity, compact
zones

3.2 Introduction:

Soil compaction is one of the major problems in sradagriculture. Overuse
of machinery, intensive cropping, short crop ratas$, intensive grazing and
inappropriate soil management leads to compachosoil physicist would describe
compact state of soil as one which results inckdmgk density and reduced pore
space of soil. Such soil condition increases ih stoéngth and reduces in hydraulic
conductivity resulting in decreasing storage angbguof water and nutrients (Soane
andVan Ouwerkerk, 1994).

In most of the medium textured alluvial soils, nafntillage (up to 20 cm
depth) along with the excessive use of disc implegmand heavy machinery result in
development of compacted, impermeable subsurfager ldetween 15-30 cm
(Aggarwalet al., 1997). When traffic compaction occurs below tieemal depth of
tillage, subsurface hard pan layer restricts roowgh and limits crop yield, especially
during drought (Taylor and Gardner, 1963; Camp launtt, 1968).

The compaction of soil should be avoided becauserdéates a poor
environment for roots i.e. poor aeration, waterloggand excessive soil strength
limiting root growth and narrow non-limiting wateange (Taylor and Gardner,
1963). Generally, the soils with smaller soil paes exhibit more compaction and
reduce yield. In years when soil moisture is pfehtthe impact on crop growth may
not be obvious. In years of moisture shortage, tplam compacted soil experience
stress more easily, and reduced growth and yielaa@iceable (Busscher and Bauer,
2003; Rapeet al., 2004a)

Due to the nature of soil compaction and its valitgbwithin fields, farmers
need to assess such variability by measuring sgsipal properties such as soil bulk
density, hydraulic properties or soil strength. fsumeasurements allow farmers to
determine the spatial variation of compaction aadetbp global information system
(GIS) databases utilizing global positioning sys{&@®S) in their fields.

If soil compaction is measured and mapped, dewsioay be made to specify
tillage in the areas where detrimental compactiviste. Tillage depth is precisely

specified to reach and disturb a compacted “pan’addition, it might be desirable to
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prescribe the depth of tillage within certain aredsa field. Thus, within a field,
tillage depth would vary according to the depthsofi compaction. Draft load and
required energy could be reduced by tilling onlythe depth of soil compaction and
only in areas containing compaction problems, tmerainimizing input cost (Fulton
et al.. 1996; Rapeet al., 2000).

The precision tillage or site-specific tillage is camponent of precision
agriculture management strategy that employs @elasite-specific soil and crop
information to precisely manage the production tep{Raperet al., 2004a). Site-
specific tillage in particular is geared towardsiaging the goals of sustainable
agriculture by determining within field variabilitgnd providing more accurate soll
compaction records, and optimizing the tillage inmuthin the field where root
limiting soil compaction exists. Studies have atsiggested that site-specific tillage
has potential in reducing tillage energy and fushsumptions as compared to the
conventional uniform depth tillage (Gorueual., 2002; Rapeet al. 2004a). Rapest
al. (2000) estimated about 50% reduction in energyirements for shallow tillage
(approximately 18 cm) as compared to deep tillagpioximately 33 cm). Goruca
al. (2002) found that approximately 75 % of the twsta required tillage operations
shallower than the commonly used tillage depth @wastal plain soils. Thus,
precision deep tillage is attractive from the stamdp of eliminating unnecessary
tillage. In precision tillage, a precise detectminsoil hardpan is important because
errors of a few centimeters could cause large trans in accurately locating the soil
hardpan and site-specific tillage depth recommeonsit

As a part of soil strength sensing technology, éhete many sensitive soil
physical indicators of compaction including soil er@orosity, saturated hydraulic
conductivity (Ks), soil penetration resistance and bulk density ngfika, 1994).
Direct measurement of these soil parameters igivela time-consuming. As an
alternative to measurements, one can use estimatathods such as pedotransfer
functions (PTFs) which utilize physical or empitiaglations between hydraulic
properties and other easily measurable soil prgseThe advantage of such methods
is that the input variables can be measured maidyeand, hence, are more widely
available than hydraulic properties.

For the prediction of water retention and satwrdgdraulic conductivity, this
approach has led to a number of pedotransfer fumetthat use soil texture, bulk

density, and other soil variables as input (e.dwjAet al., 1989; and Schaas al.,
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1998). Estimation of soil hydraulic properties gsproximal spectral reflectance in
visible, near-infrared, and shortwave-infrared wase by Santrat al. (2009). These
PTFs can, therefore, be used in generating mageyaired hydraulic parameters.

TheKjs is mostly determined by large pores, which arengftyreduced when
the soil bulk density increases because of compactiConsequentlydrastic
reductions inKss with increasing bulk density have be®ported. Theatio between
the saturated hydraulic conductivity of the compdsbil, Kss, and that of the initial
soil, K, can vary by ordersf magnitude (Soane, and Van Ouwerkerk, 1994).

After determining the value of hydraulic parametatsfew locations on a
farm, geostatisticalspatial variability analysis of data is required fgneration of
prediction maps of these soil compaction indicaterpiired for precision agriculture.
Geostatistics provides a method for the analysib@fspatial and temporal properties
in a data set and a method of interpolation betwssacted points. Soil hydraulic
properties show a considerable spatial variatioagncultural fields as well as forest
area Kilic, 2004.

Fulton et al. (1996) studied the spatial variations of hydm@awonductivity
estimated by the constant head permeameter metkade,( 1986). In these
experiments, the hydraulic conductivity was comguaé different soil depths under
tillage and no-tillage conditions and the resultiognclusion was that the field
saturated hydraulic conductivity is a more highpatsally variable on the surface as
compared to the subsurface. All these studies hayldighted the spatial variability
of Kts only in one direction, either along the slope oroas the slope. Very little
attention has been given to investigate the vanatin K in two dimensions. In most
of the recent softwares developed for preparimgekl maps of properties,
information about their spatial structure (semiggram models) are required in the
input files. Hence spatial structure analysis stiobé carried out carefully for
preparing semivariogram models. With the introduttiof geostatistical analyst
extension in ArcGIS, it is now possible to carryt pteprocessing, statistical analysis
and interpolation.

Hence, the present study was conducted with obgstito develop
pedotransfer functions for soil hydraulic parametnd to carry out two-dimensional
spatial variability analysis of field saturated hgalic conductivity in a big farm to

delineate compact zones for indicating precisagélrecommendations.
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3.3 Materials and Methods

The present investigation was carried out in a fielel near Kherli village,
Dankaur Block (28 ° 17'59" N, 77 ° 32'04” E) in Matal Capital Region. The climate
of study area was semi-arid, subtropical with ergehot summer and cool winter.
"The mean annual rainfall was about 600 mm, 80c¢eet of which was received
during July to September. Mean relative humiditgcteed its peak (70 %) during the
rainy season months.

In order to measure saturated hydraulic condugtiin field and other
relevant soil physical parametéd5 observation sites were chosen at a grid spacing
of about 30 m x 45 m covering a total areal®f6 hectare. The coordinates of each
sampling location were recorded using a differérglabal positioning system unit.
At each site, field saturated hydraulic conducyiyKss) was determined using Guelph
permeameter.

In addition to this, disturbed and undisturbed saiinples were collected from
0-15 cm and 15-30 cm soil layers. Core samplerwsasl for taking undisturbed soill
samples mainly for soil bulk density (BD) deterntioa and for drawing soil water
retention curve, while disturbed soil samples wekected by using a screw auger
for determination of soil texture, organic matt@nd saturation percentage.
Disturbed Samples were air dried and sieved (2 befgre analysis.

Soil parameters studied:
Field saturated Hydraulic Conductivity (K+s):

Saturated Hydraulic Conductivity in field was measl by Guelph
permeameter which is a constant head well permear{lReynolds, 1993, Reynolds
et al., 2002) consisting of a mariotte bottle timatintains a constant water level inside
a hole augered in the soil. The method involvessméag the steady-state rate of
water recharge into the soil from a cylindrical Wable, in which a constant depth
(head) of water is maintained.

Soil bulk density:

Soil bulk density (BD) of each site was determindaly using core method.
For this purpose, a core cutter of 5.5 cm diamater 15 cm height was used. Core
cutter held an assembly of a sectional cylindes o diameter and 6 cm height with
2 rings of same diameter but 2 cm height on eiside of it and was screwed to the

collar of sampler (2.5 cm high) from the upper side
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For taking samples, the assembled core cutter wagigned over a clean
leveled surface and pressed inside the soil byingtahe handles or by dropping a
hammer over the center portion of the upper enth@thick rod until the edge of the
collar came to rest over the soil surface. Ringthwindisturbed soil were used in
pressure plate apparatus for determination ofwatention characteristics , whereas
soil of the sectional cylinder (after removing tlextra soil sticking out the cylinder)
was taken out in aluminum can , oven dried and natyy BD was determined by
dividing the weight of oven dry soil by volume @csional cylinder.

Water retention characteristics:

Rings of core sampler containing undisturbed saihgles were used for
determining soil water content8) (at field capacityf{rc) and permanent wilting point
(6pwp) by pressure plate apparatus.

Saturation water percentdspat) of each sample was also determined
gravimetrically (Singh, 2001).

Drainage Porosity and available water content:

Drainage porosity or noncapillary pores and avéelaater retention capacity

were determined by following formulae:
Drainage porosity (%) 8sat (%) - 0rc (%), and
Available water retention capacity (AWRCPzc (%) - 0pwe(%0)
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Soil texture:
Bouyoucos /hydrometer method was used to detersamel, silt and clay

percentage for each sample. USDA textural trianghs used to determine textural
classes.
Soil organic carbon (OC):

Soil organic carbon for each soil sample was meashy Walkley and Black
(1934) method. In this method organic matter isdad with chromic acid
(potassium dichromate + H2S0O4) and the unconsuratsgium dichromate is back
titrated against ferrous sulphate or ferrous amomarsulphate (redox titration).
Methodology (Statistical and Geostatistical methods
Statistical analysis:

Descriptive statistical analysis was carried out K@, BD, Opwp, Orc, OsaT,
drainage porosity, AWRC, OC %and %, silt % and clay %. Statistical analysis of
data included examination of the mean, maximum @mgimum values, standard
deviation (SD), variance and coefficient of vaoati(CV), Skewness, Kurtosis, and
median.

Multiple regression analysis

A stepwise multiple regression equations (Pedoteanginctions) were
developed for predicting some dependant varialdesh as; K, AWRC, Orc ,0pwp,
drainage porosity, BD as a function of OC %, clay $tt % and sand % using
“Statistica Pro-2004 ” software package. Sincevakee of degree of freedom (df)
was large (>120), t value at 5% level of sigrmifice if found >2, then independent
parameter was considered to have significant etieailependent variables. Or other
way if p value of parameter was <0.05, then also ghrameter was considered to
have significant effect on dependent variables.

Geostatistical analysis:

Preparation of surface maps of field saturated duyldr conductivity and bulk
density using geostatistical analyst (Johnstbal., 2001) involved two key steps:
exploratory spatial data analysis, and spatialcttral analysis and interpolation
through kriging

ESDA involved exploring the distribution of the datooking for global and
local outlier, looking for global trends, examinirgpatial autocorrelation, and
understanding the covariation among multiple data.
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Choice of suitable interpolation method: The first step of this analysis was to
choose the appropriate geostatistical method efpetation which could be ordinary
kriging, simple kriging, universal kriging or colimg. The decision for a particular
interpolation technique could be taken from theeolstions made in ESDA. If no
trend in data was observed oridinary kriging wassem. If trend was present,
universal kriging was used. If one wanted to prepidwe surface of the parameter
whose value exceeded a particular threshold vake indicator kriging was used.
Drawing empirical semivariogram and fitting appropriate modet Again using the
information obtained from ESDA, different availabkenisotropic or isotropic
semivariance models were fitted to empirical sem@vece cloud data (scatter plot).
Searching neighborhood for kriging: Neighborhood shape was kept spherical if the
empirical semivariogram of data showed isotropy aadliptical if it showed
anisotropy. Again in order to avoid bias in a pmarfar direction the ellipse was
divided in four sectors and a minimum of 2 or maxmof 5 sampled data points
were selected in each sector.

Cross validation of models and preparation of predited surface: All the models
were cross validated by plotting the predicted @alagainst observed value and
fitting a line through the scatter plot. More closeas this line to 1:1 line better was
the fit. For all layers, the best fitted model vias one which gave lowest RMSE and
also its average standard error (AVSE) nearesidbmean square prediction error or
alternatively root mean square standardized eRMSS) nearest to one.

Finally the values at the unvisited location weredicted by multiplying the
weights of the sampled data points by their vahres then adding them together. For
the presenting the prediction map as filled cordptine maximum, minimum and
contour interval were specified.

Delineation of the compacted areas By inspecting the prediction map, the area
having the value of K parameter less than its critical limit of 24 can/dand BD
>1.55 Mgnm® was delineated as compact areas (Gupta, 1986).

3.4  Results and Discussion:

Descriptive statistics and development of pedotrafer functions for soil
hydraulic parameters:

Statistical analysis of soil physical propertie®whd that for surface (0-15
cm) layer, % sand, silt and clay varied betwee®-88.5, 16.0-40.0 and14.5-46.5 and
for subsurface layer varied between 15.5-62.3,-B8.0 and 16.5-48.5, respectively
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(Table 3.1 & 3.2).The prominent textural classesewgandy clay loam and clay loam
for both surface and subsurface layers. Bulk dgn®D) of surface layer varied
between 1.42-1.75 Mg thwith an average value of 1.57 Mg3mwhereas for
subsurface layer it ranged between 1.47-1.85 Nfgwith an average magnitude of
1.74 Mg m®. The results thus clearly indicated the presefficaibsurface plough pan
as the average value of BD was more than its afit@lue of 1.55 Mg i as
suggested by physical rating system (Gupta, 198®ld saturated hydraulic
conductivity (Ks) as measured by Guelph permeameter varied bet@®&2-0.55
cm/hr with an average value of 0.108 cm/hr forfesze layer and ranged between
0.002-0.023 with an average value of 0.005 cm/htHe subsurface layegimilarly
% OC ranged between 0.45-1.34 for surface and 0@-fbr subsurface. AWRC
(difference betwee®rc and Opwp) Of these soils for surface and subsurface layer
ranged between 21.6-28.0 and 15.9-31.6. As thakey were >15 cm/m, hence it
could be concluded that available water retenteyacity of these soils was good.
The most discriminating factor to describe vari&pibf a soil property is
coefficient of variation (CV). If CV is lower tha@.10, the property shows lowest
variability; and if CV is higher than 0.90, it shewgreat variability BD had lowest
coefficient of variation, which ranged from 6.53.54 %, followedby 6c with range
from 15.26 - 15.86 and silt with range from 19.821-18%. Similar results have
been reported earlier (Kiliet al., 2004). The CV of K was highest (109.54 %),
indicating that K was highly variable, followed b§we which ranged between 50.3-
54.02. Data of sand, silt, clay afgyr showed near normal distribution as indicated
by their median value nearer to mean, skewnes® vadarer to zero and kutosis value

nearer to 3.

Multiple regression analysis was carried out toellgy pedotransfer functions
for determining soil hydraulic parameters such as @ and ©py, from easily
measurable parameters such as particles sizebdistn and organic carbon content.
Results of analysis of bulk density as a functibrclay, silt andOC showed that all
three parameters significantly affected BD (asdatbd by computed t values (df>
120) which were >2.10 (Table 3.3). While BD was ategely correlated to clay and
OC, it was positively correlated to silt. Stepwigealysis showed that clay alone
contributed nearly 48 % variation in BD. Inclusiofsilt along with clay accounted
for nearly 58 % variation of BD and further additiof OC to regression equation
increased the contribution to 62%.
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Table 3.1:  Descriptive statistics of soil physical propertfes surface (0-15 cm)
layer

Parameter Min. | Max. | Mean |Median| SD | CV% | SkewnesgKurtosis
Sand (%) 15.5069.50| 45.07 | 47.50 11.4| 25.45 0.411 2.768
Silt (%) 16.00140.00| 28.10| 26.00[ 5.96 21.21 0.241 2.200
Clay (%) 14.5046.50 26.10| 23.00] 7.91 30.31L 0.630 2.399
OpwHW/wW) 1.20| 12.3Q 5.19 460 2.80 53.9% 0.572 2.46P
Orc(W/w) 12.50{ 25.10( 16.18 | 15.90| 2.449 15.26 1.211 5.352
NCP (%) 40| 27. 1512 13.G 6.42 4227 0.45p5 Ail1p7
AWRC(cm/m)| 15.90| 31.60 22.23 | 23.46] 3.2 14.66 0.520} 1.1273
BD(Mg m'3) 1.42| 1.75( 1.57 160 0.1 7.6¢ 0.30y 1.9P0
OC (%) 0.45| 1.34 0.72 0.69 0.17 2361 1.180 4.970
Kts (cm/hr) 0.004 0.550| 0.108| 0.066( 0.11B109.26| 1.669 6.051




Table 3.2:

Descriptive statistics of soil physical propertfes subsurface (15-30
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cm) layer
Parameter Min. | Max. [Mean| Median | SD | CV% |SkewnesgKurtosis
Sand (%) 15.5(062.00{ 43.50[ 44.00 [11.9527.49| 0.410 2.319
Silt (%) 18.00( 38.00{ 27.60[ 28.00 | 5.41 19.82| 0.202 2.389
Clay (%) 16.5048.50| 28.90] 26.50 | 8.4 29.24| 0.491 2.229
OpueWiw) 2.10 | 14.04 6.86| 6.10 | 3.4550.29| 0.488 | 2.065
O (W/w) 8.30 | 23.4014.90] 14.50 | 2.3 15.77| 0.696 6.129
NCP (%) 0.60| 22.0| 891 | 8.40 | 5.81 33.74| 0.5762 | 2.4526
AWRC(cm/m)| 21.16|28.01| 15.93[ 17.23 | 3.18 19.96 | 0.5437 | 1.3253
BD(Mg m_3) 147 | 1.85| 1.74 1.77( 0.116.32 0.542 2.555
OC (%) 0.40| 1.0 0.54 0.55| 0.125.42| 1.083 3.398
K (cm/hr) 0.002|0.023| 0.005; 0.002 |0.00p100.0| 1.668 6.033
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Similarly, multiple regression analysis of hydrautionductivity as a function
of clay, sand and OC (Table 3.4) showed that akehparameters significantly
affected K.. While K was negatively correlated to clay, it was posliiveorrelated
to sand and OC. Stepwise analysis showed thatattaye contributed nearly 49 %
variation in Ks. Inclusion of sand along with clay accounted fearty 57 % variation
of K¢ and further addition of OC to regression equaiiameased the contribution to
65 %. The rationale behind such assumption islibtier soil aggregation is linked to
greater OM content (Beargt al., 1994). Similar correlation among soil hydraulic
parameters and sand, silt and clay % has beenteedoy Adhikaryet al.(2008).

Regressioranalysis 0f©,upas a function of sand and OC (Table 3.5) showed
that both parameters significantly affeciggyp. It was negatively correlated to sand
and positively correlated to OC. Further stepvasalysis showed that sand alone
contributed nearly 20 % variation éawp. Inclusion of sand along with OC accounted
for nearly 26 % variation dipwp.

Similarly, regression equations 6k (w/w) of surface soil as a function of
various soil physical parameters showed that sealagl,and OC significantly affected
Orc (Table 3.6). While©ec was negatively correlated to sand, it was positive
correlated to clay and OC. Results of analysis gubtihat sand alone contributed
nearly 30 % variation i®gc, whereas clay and OC alone contributed 26 and 11%,
respectively. Negative correlation ©fc with sand and positive correlation with clay
was mainly because of the fact tiéaic depended mainly on soil micropores, which
increased with clay content and OC due to theidibigp nature. Even though both
Orcand Opwp showed correlation with texture and OC but AWG diot show
significant correlation with any of them. The reador such behavior was that both
Orc andOpyp depended on soil micropores which were influenogdhe amount of
sand, silt ,clay and OC and any change in thewevalffect both in similar way and
hence AWC which was the difference of their magieiwas not changed and did
not show any correlation with texture and OC.

Since in this experiment{kwas used to delineate compact zones, relationship
of K with other indicators of compaction such as BRI@inage porosity (difference
betweenos andOr;) were explored. It was observed tha Was positively correlated
to drainage porosity (®0.591) (Fig.3.1) and negatively correlated to Blthw
R?=0.794 (Fig.3.2). Reduction in drainage porosityhiai was an indicator of
increase in compaction, was found to increase witltease in BD (R=0.679)
(Fig.3.3). The above correlations thus suggest theld saturated hydraulic
conductivity could be used to delineate compacezon
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Table 3.3:  Stepwise statistics of regression equation of BIy/(F) of surface
soil as a function of various soil physical paraenet

No of steps )
Parameter | Intercept | OC% | Silt% | Clay% R
Forward -stepl Coefficient 1.85 - - -0.01p4 0.48
Standard errof 0.045 - - 0.00166
t value 40.745 - - -6.28
Forward-step 2 Coefficient 1.959| -0.4451 - -0.0075( 0.58
Standard errof 0.0533 | 0.1381p - 0.00176
t value 36.756 -3.22p - -4.248
Forward- Coefficient 1.879 | -0.45592.0039| -0.0085| 0.62
Step final/3
Standard errof 0.06278 | 0.13240.0018| 0.0175
t value 29.937 -3.4372.1836| -4.866
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Table 3.4:  Stepwise statistics of regression equation gf(&m/h) of surface soil
as a function of various soil physical parameters
No of steps 2
Parameter| Intercept | Clay% [ Sand% | OC% R
Forward -stepl| Coefficient0.167038 -0.01053 - - 0.49
Standard|  544050| 0. 01614 . -
error
t value -3.79128 6.51634 - -
Forward-step 2| Coefficient0.644908 -0.01822| 0.006041 - 0.57
Standard| 1751331 0.00312% 0.002156 -
error
t value -3.68239 5.83089 2.806p4 -
Forward- Coefficient| -0.786844 -0.01647 | 0.00668D.219931 0.65
step final/3
Stsrr;gf‘rd 0.167595| 0.002927 0.0019@0073769
t value -4.69490[ 5.6274(0 3.360p2. 98134
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Table 3.5:  Stepwise statistics of regression equatioffp (W/w) of surface soil
as a function of various soil physical parameters

No of steps Parameter | Intercept | OC% | Sand% | Clay% R2
Forward -stepl| Coefficienf 9.8709 - -0.1037 -
0.20
Standard errq 1.4941 - 0.0320 -
t value 6.6063 - -3.241 -
Forward- Coefficient | 5.0857 | 8.1013 -0.0728 -
step final/2 0.26
Standard errq 2.8397 | 4.1364 0.0347 -
t value 1.7909 | 1.9585-2.0973 -




Table 3.6:

various soil physical parameters

Regression equations 6tc (w/w) of surface soil as a function of

Soil properties

Parameter

Intercept

Sand%

Clay%

OC%

Sand

Coefficien

21.3222

-0.11380

0.30

Standard
error

1.2275

0.02629

t value

17.3705

-4.328B

Clay

Coefficient

12.0316

0.15889

0.26

Standard
error

1.11796

0.04099

t value

10.7621

3.8758

D

oC

Coefficient

12.7391

8.25459

0.11

Standard
error

1.50745

3.51466

t value

8.45078

2.34861
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Spatial variability analysis and preparation of kriged map of Ks for
delineation of compact zones:

1. Exploratory spatial data analysis (ESDA):

In the first step of spatial data analysis, hiséogrtool was used to examine
the frequency distribution of data fokskof surface layer for checking normality and
presence of outlier. Data of sand, silt, clay 8pgr showed near normal distribution
whereas as data @c, OC and K were skewed. K data became normal on log
transformation. Similar trend was observed forgtlesurface.

In the next step, trend analysis tool was used#&mine trend in both XZ and
YZ planes. For both layers, trend was negligiblecaduse of slope <0.5% in both
directions. Then, semivariance tool was used foamering the empirical
semivariogram which clearly indicated that dataengpatially correlated. To explore
directional influence in the semivariogram cloudarch direction tool was used,
which indicated anisotropic nature of data.

Geostatistical wizard for spatial structure analyss:

In the first step of geostatistical wizard, ordwadriging was chosen as
interpolation method. Then utilizing the informaticobtained from ESDA, log
transformation of data was selected among varicats dransformation options.
Among the different options for trending the data,trend option was chosen as no
global trend was observed in data. In the secasyl et the wizard, a spherical model
with appropriate lag size and lag number was fittedmpirical semivariogram of the
data. In the third step, neighborhood search gfyateas decided by taking elliptical
shape of search neighborhood as data were anigntrapd divided it in four
guadrants. Maximum and minimum number of neighbodhpoints in each quadrant
was kept between 2 -5.

In the fourth step of analysis, spatial model wass validated by plotting the
predicted values against observed values andditiiine through the scatter plot.
More closer is this line to 1:1 line better is fiteFor a model that provides unbiased
predictions, the mean of prediction errors (MPE)wt be close to zero. Again for
the correct assessment of the variability and trkhf the prediction standard errors
are appropriate, the root-mean-square predictior @MSPE) and average standard
prediction error should be similar and the root-megquare standardized prediction
error (RMSSPE) should be close to one.
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On looking at the cross validation statistics dfiesjical model of k data of
surface layer, it was seen that although the stdpbe line was very good 0.896 but
predictions were biased as MPE was not nearer o 20165) and prediction of
standard errors were not appropriate as indicayethé difference in magnitudes of
RMSPE and AVSPE values (difference in their magtatwas 0.22) (Fig. 3.4).

Hence in order to further improve upon the predictianother interpolation
option i.e. ordinary kriging with no transformatiomas chosen and all steps of
analysis were repeated in similar way. Finally srealidation statistics of data with
and without log transformation were compared (Rgl). It was seen that even
though the slope of fitted line drawn through tleatter plot of the predicted values
against observed value was higher in the formethmitater choice provided a more
unbiased estimate and as the differences betweeSHEVand AVSPE were less
(0.08-0.07=0.01) estimated prediction errors weoeenvalid. Hence it was decided to
choose the option of data without any transfornmatfor further analysis and
development of spatial structure.

In the next step, empirical semivariogram of Hata was fitted to various
available models and their major and minor rangestial sill value and nugget
variance were studied. It was further observed fitraall semivariogram models, lag
size of 32.35 m along with 12 numbers of lags watesen by wizard as default
choices (Table 3.7).

Since empirical semivariogram showed anisotropitunea for all models
major range were 380.78 m inclined af 88major axis. However the minor ranges
varied from 70.13 to 94.54 for all available splatiedels.

To define different classes of spatial dependencettfe soil variables, the
ratio between the nugget semivariance and the setadivariance or sill was used
(Cambardella et al., 1994). If the ratio wa25%, the variable was considered to be
strongly spatially dependent, or strongly distrézijtif the ratio was between 26 and
75%, the soil variable was considered to be modpratpatially dependent; if the
ratio was greater than 75%, the soil variable wassidered weakly spatially
dependent; if the ratio was 100%, or the slopdefsemivariogram was close to zero,
the soil variable was considered non-spatially elated (pure nugget or no spatial
dependency). The results of Table 3.7 indicatetl khadata showed strong spatial

dependence as the above ratio was < 25%.
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Further, cross validation of various spatial modelsre compared for
choosing the best model among the various availaptens (Table 3.8). Results
revealed that Gaussian model was found to be teedbwice as the slope of fitted
line drawn through the scatter plot of the predictalues against observed values
was highest among all the models tried and algpoovided an unbiased estimate of
parameter and also appropriate prediction error.

On comparing the cross validation statistics ofedént methods of kriging
(with no data transformation and no trend), ordinkrging was found to be the
better choice for interpolation than simple krigiag the slope of fitted line was
higher in the former (Fig.3.5). Results were samilinder ordinary and universal
kriging as there was no trend present. As in earéports (Johnstorgt al., 2001,
Mulla and Mc Bratney, 2002) it was mentioned thaivarsal kriging is more
appropriate when trend is of higher order.

Cross validation statistics of ordinary kriging wasgther compared with
inverse distance weighting (IDW) technique whickeaed that ordinary kriging
was more accurate than IDW as the slope of fitbed through the scatter plot of
predicted versus observed data points was highéhanformer (Fig.3.6). Finally,
ordinary kriging with Gaussian model was choserdfawing prediction maps.

Prediction map of K for 0-15 cm layer (Fig.3.7) showed that almosttlad
area was below the range of 0.5 cm/hr (12 cm/dag)rearly 93.5 % hadKbelow
the critical range of 0.16 cm/hr.

Subsurface (15-30 cm) soil layer also had similpatial structure and
ordinary kriging with Gaussian model was used faawdng prediction map of K
(Fig.3.8) which indicated even more compact surfase99% area had iKvalue
<0.16 cm/hr (4 cm/day).
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Fig. 3.7: Prediction map of hydraulic conductivity of suaéa(0-15 cm) soil layer

Saturated Hydraulic
conductivity (cm/hr)

% Area

- <0.01 48.37
- 0.01-.05 39.13
- 0.05-0.10 00.00

0.10-0.20 11.96

0.20-0.50 00.54
- 0.50-1.00 00.00
- 1.00-3.00 00.00

Hydraulic conductivity (emfhe) 9 Area
- 0-0.08 62.76
- 0.08-0.16 36.26

0.160.33 0.98

Fig. 3.8: Prediction map of hydraulic conductivity of suldage (15-30 cm) soill

layer
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Spatial variability analysis and preparation of kriged map of BD:

The ESDA analysis of BD data of surface layer shibwearly normal
distribution without the presence of any trend otliers. Empirical variogram of BD
showed spatial dependence and also anisotropiceng@imilar to analysis done for
Kts, crossvalidation statistics of various methods of krigiwgre compared for BD
data and ordinary kriging was found to be the bhsice.

In the next step, different models were fitted topaical semivariogram of
BD and its spatial structure revealed that fomadels , major range was 300.68 m
pointing at 68 and minor range varied between 48.62-64.37 €r8t9). Again as
the ratio of nugget to sill value was < 25 %, whattowed strong spatial dependence.
Comparison of cross validation statistics of vasionodels showed that likerKfor
BD also Gaussian model was most suited among allefaolt was most accurate in
prediction and also its estimated error was mopt@piate (Table 3.10). Prediction
map of bulk density of surface and subsurface lagégrs showedhat nearly88 %
and 100 % area were compacted as their BD values wk55 Mgt (Fig.3.9 &
3.10).

Comparison of delineated compaction zones of faymagding Kriged maps of
BD and Ks showed similar results for subsurface layers (bo#ps showed nearly
100% area was severely compacted), whereas facsutiiere was slight variation in
prediction of percent area compacted (93.5% acegrth Ks map whereas 88 %
according to BD map).

Indicator kriging was used for generating prob#pilnap of Ks and BD.
Maps showed that around 80% of area in the surackesubsurface had 80-100%
probability of getting hard pan (Fig.3.11 & 3.12).

Deep ploughing using disc plough or chiseling wakommended in

delineated compact zones to improve soil produgtivi



57

Buong 5581 60070 FALYALOY 8IS UBISSTIE])
Buong 0 0 EPSST00 (A1 [enusuodxy
Buong 0 0 LESTO0 LEP9 [ [earraydsenuag

0'e9 8900t ¥
Buoxg 0 0 8PSTO'0 9v'65 Hrsst [ouedsenay
Buong 070 T1£0000°0 98SST00 8L'rs [esuaydg
Buong L6T 8900070 965100 (ALY R LR

o) {saaiiap)
AM.EHH,& (22 aduex {ur) sSe[ Jo "ou

aswapuadap | ("547)/0% I UELIEA An.Eﬁaa Jolewr jo {ur) afuea asuel i
reneds o 18558n] TS TeraIe g UOTIAI] JI0OUT[A] Joleyy azs Be sadfy [apoTyL
Ia4e[ (Wrd GT-Q) 2IBLINS [I0S Jo (. UISTAT) ANSuUap q[ng jo ainnns epedg WSEAgeEL




58

900'T £9LL0'0 £50000'0 SEF0+X « PSL'0 UEISSTE 5
9i0'1 6£9L0°0 88L0°0 20000 G9F' 0+ X« €070 [enusuodxy
(AT | TI£90°0 166,00 LTEZT000°0 TIF D+ X« 6EL0 [eataydsenuag
01T T9090°0 10800 9T9T000°0 LOFO+X« €FL°0 [edttadsenay,
At | LOBS00 0800 162000070 S6E0+X . 0570 [eataydg
el SP650°0 TZ6L0°0 69800070 BEED+ X 0570 AEMALY
(ASSTARD
k) (AdSAV) (ASTAT)
uonatpaxd I0.L13 I0.L13 (IT)
pRZIpIRpUR)S uonarpaxd uonjarpaxd arenhs I0.LI3 uorjenha
arenhsueau-jo0} | pIepue)ls aselasy e aw 3003 uonapaxd weafy] U01SSaA5a}] sadfy [apoTy
Ia4e[ (W2 ST-() 2IBLINS [10S J0f (I STA]) L)Isuap q[ng jo s[2pow [ejeds SNOLIEA JO UOLJEPIEA S04y OT'EA[Ye]




59

Bulk density (Mgm ™) | Area%
1.40-1.50 310
1.50-1.40 18.25
1.40-1.70 70.75
1.70-1.80 7.90

Fig. 3.9: Prediction map of bulk density (Mg of surface (0-15 cm) soil layer

Bulk density (Mg m ) Area %
1.40-150 0.54
150-160 1250
1.60-1.70 40.76
1.70-180 46.20

Fig. 3.10: Prediction map of bulk density (Mg #Hof subsurface (15-30 cm) soil
layer
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Fig.3.11: Indicator kriging showing probability map otd6f surface (0-15 cm) soil

layer
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Fig. 3.12: Indicator kriging showing probability map of bulkmkity of subsurface

(15-30 cm) soil layer
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3.5 Conclusion:
In nutshell, it could be concluded that for premmsfarming, variability map of

either BD or Ks could be generated by kriging using geostatiboalysis extension
of Arc GIS. These maps could be used for delineating compatsz(areas with BD
>1.55 Mgn?® for sandy loam to sandy clay loam sailsKss < 0.16cm/hr). The deep
tillage could be recommended in severely compaateds not only to improve soil

productivity but also to save on fuel and inpugtco



62

4. RESEARCH PAPER -2

Assessment and mapping of spatial variation of sgdhysical health in a
farm

41  Abstract

Productivity rating systems are important toolsqteantitatively assess soil
health. In precision farming such information iguged for planning appropriate soll
and crop management strategies. In order to demad@sd proper procedure for
assessing the soil physical health of a farm, greement was conducted in a rice-
wheat field in Kherli village of Dankaur block ofa@tam Nagar district of Uttar
Pradesh, India. Spatial variability analysis ofl gbiysical properties measured on a
rectangular grid (30 m x 45 m) was carried out Ing geostatistical analyst
extension of Arc GIS software. Results revealed fimabulk density (BD), saturated
hydraulic conductivity (I, organic carbon (OC) and soil physical health (@),
major and minor ranges of semivariogram varied betw300-380 m and 55-90 m,
respectively. Whereas for non-capillary pores (N@RY available water retention
capacity (AWRC), they were relatively short (majange between 114-140 m and
minor around 60 m). Degree of spatial dependentkbesle parameters was computed
by finding the percentage ratio of nugget to sdlue of semivariogram. Results also
revealed that BD data and Pl showed strong spa¢ijpéndence whereas rest of the
parameters showed moderate spatial dependence. gAthenparameters suggested
for computing soil physical rating index by Gupi®86), BD, k., AWRC, OC and
NCP were chosen. Rating maps of mentioned parasn&erupland crop and rice
cultivation were prepared as series of colouredtaos by using appropriate
interpolation methods and suitable semivariograndet®®  Scoring for rating of
physical parameters was different for wheat an@ rs the optimum physical
environment for both systems were different. Phaisiating index (PI) at each
sampling point was determined by multiplying theing values for all five
parameters. Reason for multiplication of individtegting values for defining the PI
was that this index was an indicator of soil prdduty. Large deviation in any of the
individual parameter value from its optimum rangmuld bring down the yield
drastically and such a response could only be wbdeif the rating values of

individual parameters were multiplied.
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The prediction maps of these parameters showednthia¢ most of study area
BD was more (> 1.55 Mgl and Kswas less (<0.16 cmfiy than the critical limit.
Overall soil physical health of the farm was meditangood for paddy cultivation but
was not suitable for succeeding wheat crop maimgabse of increased BD and
reduced ks NCP and AWRC of the farm. . Linear regression wsialof Pl and rice
grain yield data also shed, there was a good correlation between theAHR662).
The results thus supported earlier findings thaidgsoil physical health is essential
for optimum sustained crop production.

Appropriate management practices such as deep tlplaygorganic matter
incorporation through green manuring and growindegiminous deep rooted crops
and reducing the intensity of puddling before ti@asplanting are few of the options
for improving the soil health of the farm.

Keywords: Soil physical health, geostatistical Igsia, kriging, spatial
structure of soil physical properties, physicaingindex
4.2 Introduction:

Soil quality has historically been equated with i@agtural productivity.
Beginning in the 1930s, soil productivity rating reedeveloped in the United States
and elsewhere to help farmer select crops and neamagf practices that would
maximize production and minimize erosion or othdvease environmental effects
(Huddleston,1984). These rating systems are impbrfaedecessors of recent
attempts to quantitatively assess soil qualitytHa 1970s, attempts were made to
identify and protect soils of the highest produetigapacity by defining ‘prime
agricultural lands (Miller, 1979). Soils with higbroductivity have high carrying
capacity, and are considered to be of high quality.

Soil health and soil quality are often used synooysty (Warkentin, 1995).
Soil heath may be evaluated by comparing the ptesamdition of a soil with set
reference points or baseline values that refleetsthils overall quality (Sanlat al.,
1996). Granatstein and Bezdicek (1992) considettivenghe standard reference state
of a soil in agricultural systems should be nased conditions or conditions given
maximum agronomic, environmental and economic perémce.

Carter et al., (1997) suggest a framework for evaluating saibldqy that
includes (1) describing each soil function on whighality is to be based, (2)
selecting soil characteristics that can be measarad (3) using methods that provide

accurate measurement of those indicators. The woltp soil functions appear
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frequently in the soil science literature: (1) soihaintains biological
activity/productivity (Doran and Parkin, 1994) sopis plant productivity/yield
(Karlen et al., 1997); (2) partitions and regulates water/solfieev through
environment (Larson and Pierce, 1991); (3) sengeamaenvironmental buffer/filter
(Larson and Pierce, 1991); and (4) cycles nutrieméter, energy and other elements
through the biosphere (Karleat al., 1997). Larson and Pierce (1991) defined soil
qguality as “the capacity of a soil to function withthe ecosystem boundaries and
interact positively with the environment external that ecosystem.” Karleat al.
(1992) defined soil quality as “the ability of tkeil to serve as a natural medium for
the growth of plants that sustain human and aniifal'’ Gregorich et al, (1994)
defined soil quality as “the degree of fithess fod for a specific use”. Soil quality
sometimes refers to the inherent potential of soilcontrast to soil health or soil
condition. Soil quality refers to the capacity &l to function within ecosystem and
land use boundaries, to maintain environmentalityuahd promote plant and animal
health (Doran and Parkin, 1994). Information abeatl chemical and physical
properties can be used to answer the questiong abibgjuality and plant health. Soil
quality information contributes to the investigatiof several key agricultural
ecosystem concerns the productivity and sustaibalof agricultural system, the
conservation of soil and water resources, the aatatron of persistent toxic
substances and the contribution of system to thigadjicarbon cycle.

Soil health is a term which is widely used withiisalissions on sustainable
agriculture to describe the general condition aligy of the soil resource. Soil health
is defined as the continued capacity of soil tocfiom as a vital living system, by
recognizing that it contains biological elementatthre key to ecosystem function
within land-use boundaries (Doran and Zeiss, 2000 Soil Science Society of
America (1996) definition deviates slightly: "Thapacity of a specific kind of soil to
function, within natural or managed ecosystem baued, to sustain plant and
animal productivity, maintain or enhance water aidquality, and support human
health and habitation."

Soil quality indicator is a chemical, physical aolbgical property of soil that
is sensitive to disturbance and represents perfacenaf ecosystem function in that
soil of interest. It refers to the capacity of d sw function within ecosystem and land
use boundaries, to sustain biological productivibigintain environmental quality,

and promote plant and animal health (Doran andiR,at®94). The set of indicators
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used to determine a soil's quality is also callethinimum data set. To select a
minimum data set, two main methods have been ¢sdtabl expert opinion and
statistical data reduction. Expert opinion, by digfon, requires expert knowledge of
the system. Using a hierarchical framework for chog the indicators may help
make selection more systematic. Statistical dataat®on has been demonstration to
effectively choose indicators in a number of sgistems (Andrewset al., 2004;
Andrews and Carroll, 2001). This method can elin@rdisciplinary bias that could be
a problem with expert selection of indicators butloes assume that appropriate
candidate indicators are in the original data setg minimum level of knowledge is
required).

While some of the indicators of soil quality maydsnsitive to change, others may be
more subtle. The overlying question is whether e measure and quantify these
indicators and develop them into a soil qualityerdSQI) that can be used reliably to
monitor and predict the impact of farming systemd mmanagement practices on soil
productivity, environmental quality, food safetydaquality, and human and animal
health. Soil quality index is a useful tool for essing the overall soil condition and
response to management, or resilience towardsatand anthropogenic forces. The
ultimate goal is to develop a mathematical relaiop or model that could quantify
the various attributes of soil quality, and fromdgrive one or more indexes for
simulation and prediction.

Scientists use soil quality indicators to evaluadg well soil functions since
soil function often cannot be directly measuredabiging soil quality is an exercise
in identifying soil properties that are responstegemanagement, affect or correlate
with environmental outcomes, and are capable afidoprecisely measured within
certain technical and economic constraints. Sadliuindicators may be qualitative
(e.g. drainage is fast) or quantitative (infiltoatE= 2.5 in/hr).

Physical indicators provide information about doydrologic characteristics
such as water entry and retention which influenaesilability to plants. Some
indicators are related to nutrient availability thyir influence on rooting volume and
aeration status.

Productivity rating indices:

The productivity index (PI) model was developecttaluate soil productivity

in the top 100 cm, especially with reference toeptiall productivity loss due to soil

erosion (Neill, 1979). The Pl model rates soilstba sufficiency for root growth



66

based on potential available water storage capdgitik density, aeration, pH, and
electrical conductivity. A value from zero to ong assigned to each property
describing the importance of that parameter fort m@velopment. The product of
these five index values is used to describe thaifmaal sufficiency of any soil layer

for root development.

Physical rating index by Gupta (1986) was one stami for constraint
analysis and was used for assessing the prodyotitamtial of soils. Physical rating
of soils for agricultural land was one step ahdadhis method, in addition to basic
physical parameters, few more dynamic parametens as bulk density, infiltration
rate, soil organic matter, water table depth arallalvie water storage capacity were
used for physical constraint identification alongthwthe estimation of relative
magnitude of their severity. Accordingly, the proton potential of these soils could
be predicted under optimum levels of water andilifegt inputs along with the
adoption of appropriate plant protection measur€upfa and Abrol, 1993).
Efficiency of any suggested management practiceaf@viating these constraints
could be assessed in terms of changes in its raahge and hence its production
potential.

As the concept of precision farming is gaining impnoce, there is a need for
presenting a procedure for assessment of soil gdlysiealth of the farm and
correlating it with the crop yield. For this purgoprediction maps of the important
physical properties along with their ratings shoddd prepared by appropriate
interpolation technique. The overall soil physitedalth should be quantified in
terms of a unified soil physical health index pmeplfrom the individual rating
values of the important soil physical parameters.

Hence an attempt was made in this paper to assgbsnap the spatial
variation of soil physical health of a agricultui@m and to examine correlation
between spatial variation of soil physical healtld gield of crop in the farm.

4.3  Materials and Methods
4.3.1 Details of field experimental site

The present investigation was carried out in a-megze field, near Kherli
village, Dankaur Block (28 ° 17'59" N, 77 ° 32'(8) in National Capital Region.

In order to measure saturated hydraulic condugtiin field and other

relevant soil physical parameter45 observation sites were chosen at a grid spacing
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of about 30 m x 45 m covering a total ared @b hectare. The coordinates of each
sampling location were recorded using a differémfiabal positioning system unit.

At each site, disturbed and undisturbed soil sasnplere collected from 0-15
cm and 15-30 cm soil layers. Core sampler was tisedtaking undisturbed soill
samples mainly for soil bulk density determinatiand for drawing soil water
retention curve while disturbed soil samples waokected by using a screw auger
for determination of soil texture, organic mat@md saturation percentage .
Disturbed Samples were air dried and sieved (2 efgre analysis. Soil parameters
studied included field saturated Hydraulic Conduityti(Kss), Soil bulk density, Water
retention characteristics, non-capillary pores ifdrge porosity), soil texture, soll
organic carbon and available water content:

4.3.2 Criteria for choosing minimum data set for canputing soil physical heath
index:

The parameters suggested for computing soil palsating index by Gupta
(1986) were bulk density (BD) of upper 30 cm saijer (Mg/ nY), saturated
hydraulic conductivity (k) (cm/hr), available water retention capacity (AWRS
top 100 cm of soil (cm/m), aggregation in terms¥efsoil organic carbon (OC) in
upper 10 cm soil layer, % non capillary pores (NGPjter table depth in cm and %
land slope.

Since the soil depth of the study area was more 2 cm, land was flat
(slope < 1%) and water table was deep (>100cmy, ditt not pose any constraint to
crop production. Hence, the parameters choseraforgrwere; BD, k, AWRC, OC
and NCP.

4.3.3 Spatial variability analysis of soil physicaparameters for preparation of
soil physical health map of the farm:

Spatial variability analysis of soil physical propes measured on a
rectangular grid was carried out by using Arc GtS8twgare. Firstly, exploratory
spatial data analysis (ESDA) was done for checkiagnality, presence of outlier,
trend and range of spatial dependence of data.

Spatial structure analysis and kriging using geostéstical analyst wizard:

Choice of suitable interpolation method: The first step of this analysis was to
choose the appropriate geostatistical method efpotation. For this purpose, cross
validation statistics of predicted data prepared usng different interpolation

techniques were compared which included plotting predicted values against
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observed values and fitting a line through thetscatiot. More close was the line to
1:1 line better was the fit. For all layers, thestoguited interpolation option was the
one which gave lowest RMSE and also its averagelatd error (AVSE) nearest to
root mean square prediction error or alternativetyt mean square standardized error
(RMSS) nearest to one.

Choice of suitable semivariogram model: In order to choose suitable
semivariogram model, the total data set was dividéal two parts- training data set
for developing semivariogram model by fitting thengrical semivariogram to
different model options available in wizard andtitey data set for test of the
developed semivariogram modeValidation statistics of all fitted models were
compared in a manner similar to that in the eadtep for choosing the best suited
model.

After choosing the appropriate interpolation teciwe, method of data
transformation, semivariogram model, and neighbodhsearch shape and size for
interpolation (elliptical shape if data is anis@i® circular if isotropic with number
of data points between 8 -20), prediction maps bBf B, OC, NCP, AWRC and PI
were prepared. Prediction map of each parameteweshodifferent ranges of
parameter values as series of filled colour corstour
4.3.4 Methodology for computing soil physical heditindex (PI):

For a given site, each of these parameters wagna&ssia rating value
corresponding to its actual value by referringdbng chart (Gupta, 1986). Each of
this parameter was given a score of 1 if the paramalue lies within the optimum
range. If the value lies below or above the critioait, a score less than 1 were
given. Greater the deviation of parameter valuenfaptimum range, lesser the score
given to it. The product of rating values of aléthight parameters gave the physical
rating index. Pl was an indicator of overall sdilypical health status. For range of PI
>0.75, 0.50-0.75, 0.25-0.50 and <0.25, soil ptaidnealth status and accordingly its
production potential could be labeled as very gogdod, medium or poor,
respectively.

As per physical rating methodology suggested byt&(}p986), same ranges
of soil parameters were assigned different ratirdues under rice and wheat
cultivations because optimum soil physical envirenirequired for their growth

were different.
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4.4  Results and discussion
Spatial variability analysis:

The exploratory spatial data analysis (ESDA) waseaequisite for carrying
out the geospatial analysis of data by use of géestal analyst extension of Arc
GIS 9.1. It was mainly conducted to examine the dat presence of outliers, trend,
normality, spatial dependence and directional déeece of variogram. In all cases,
data were skewed and in case @fiKbecame normal on log transformation. There
was no trend present in data as the field was dlftadgslope< 0.5%). On examining
empirical semivariogram, in general, data showetiabdependence and anisotropic
nature.

For carrying out geospatial analysis for surfacel§0cm) soil layer, firstly
appropriate interpolation method was chosen by é@xam the cross validation
statistics of spherical model (default option) fifferent kriging types such as
ordinary kriging, simple kriging, universal krigingnd inverse distance weighting
(IDW) (Table 4.1). The most suited interpolationthuel was one where slope of best
fitted line through the scatter plot of predictes] mneasured values was nearer to one
i.e. the best fitted line was closer to 1:1 lineeTother important criteria for choosing
the best interpolation type was to ensure thatdiptiens were unbiased as evident
from value of mean of prediction errors approactaegp and prediction of standard
errors were appropriate as indicated by the clasenbetween root-mean-square
prediction error and average standard predictioor ealues. For data of BD, Kfs and
OC, ordinary kriging without any data transformatiwas found to be the best. The
results supported the earlier reports that forikggdata need not be normal (Mulla
and Mc Bratney, 2002). Similarly for NCP, simplaging and for AWRC, IDW
methods were found most suited methods.

After choosing appropriate interpolation methodxtretep was to select best
suited semivariogram model by examining the vaiiha statistics of various
available models by dividing the total data sebitwo parts- training data set for
developing the model and testing data set for atilig the model. Best suited models
for these parameters are presented in Table 4.2.

Spatial analysis of data by use of geostatistinalyst extension revealed that
for BD, Kt OC and PI, major and minor ranges of semivariogvamed between
300-380 m and 55-90 m, respectively, whereas folPNDd AWRC, they were

relatively short (major range between 114-140 mmintbr around 60 m). The above
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results were in agreement with those reported bylaMand Mc Bratney, 2002.
Degree of spatial dependence of these parametesscamputed by finding the
percentage ratio of nugget to sill value of semognam which if found less than
25% was considered as the indicator of strong apadgpendence and if found
between 26-75 was indicator of moderate spatiabdé@pnce. Results revealed that
BD data, K. and PI showed strong spatial dependence whersasfrihe parameters
showed moderate spatial dependence.

Among the earlier reported results the range oféd8xomputed by Santeh
al. (2008) were 1053 m and they concluded that thdk Bensity and organic carbon
content data showed large amount of nugget vanalibe difference in the results by
Santraet al.(2008) and results reported here is that Saetted (2008) did not carry
out exploratory data analysis to check for preseri¢eend or outliers and did not use
anitropic semivariogram for spatial structure asely whereas earlier studies by
Mulla and Mc Bratney (2002), Kiliet al. (2004) and Igbaét al. (2005), reported
relatively less range and strong to medium spdeakendence of these soil properties.
Similarly, Dufferraet al. (2007) also did not check stationarity in dategspmed
isotropic nature of soil properties and used GSHwsoe to determine the spatial
structure and thus reported that bulk density dattheir field study was spatially
uncorrelated.

Igbal et al. (2005) on the other hand explored data for notsnaind trend.
They also mentioned that data should be checkedri@otropy. They developed
omnidirectional semivariogram models because thiepgred semivariogram models
by using S+ SpatialStats software, which do notehaptions about presenting
anisotropic nature of semivariogram.

Similarly for subsurface layer also, mostly ordnariging with no data
transformation was found to be the most suitableiceh (Table 4.3). Again
examination of spatial structure also showed thgpnranges were around 380 m for
OC and PI, 275 m for BD and 205 m foi KTable 4.4). Subsurface layer also had
low spatial range for AWRC and NCP. Like surfacgela for subsurface layer also
BD and PI showed strong spatial dependence wheesa®f the parameters showed
moderate spatial dependence.

Spatial analysis of soil texture showed that fathbtayers, nearly 32-36% of
total area had sandy clay loam texture (SCL), 2&-24ay loam (CL), 14-24% sandy
loam (SL) and 12-14% loam (L) (Fig. 4.1).
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0-15cm

o

15-30 cm

75

Area (%)
Colour Texture
0-15cm 15-30 cm
SL
24.18 14.29
SCL
32.42 36.26
L
14.84 12.09
CL
23.08 24.18
C
549 13.19

Fig. 4.1: Spatialvariation of soil texture in different regions bktstudy area
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0-15cm

Colour ED Rating Area (%o)
Range 0-15 15-30
- - cm - cm
Mgmw®)
1.30-1.45 1.00 11.96 0.00
1.45-1.50 0.95 924 0.00

1.50-1.55 0.90 10.87 1.64

1.55-1.60 0.85 19.02 6.52

15-30 cm

L.60-1.65 0.80 27.72 543
1.65-1.70 0.75 17.39 8.15
L70-1.75 0.70 330 28.26
1.75-1.85 0.65 0.00 50.00

Fig. 4.2: Rating maps of bulk density (Mg hof surface (0-15 cm) and subsurface
(15-30 cm) soil layers for upland crops
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Computation of area under different BD ranges rieeethat for surface layer,
nearly 50 % area was severely compacted (BD >1.6Mand rating value <0.8),
where as for subsurface layer it was more than 9lh@oeresults thus indicated that
subsurface compaction was a severe constrainbfdrgrowth and overall production
of succeeding wheat crop in this area.

For preparing prediction maps ofKGaussian was found the best model for
both layers (Fig. 4.3). Optimum range fog K soil was > 0.5 cm/h and was assigned
a rating value o# 0.90. Computation of area under differens tanges revealed that
for surface layer, nearly 80 % area hagndnge between 0.10-0.05 cm/h and rating
value 0.75-0.85, whereas for subsurface layer, 10D#te study area had same range
and rating value.

Prediction maps of AWRC were prepared by using IWsurface layer and
ordinary kriging with “Hole effect” semivariogram adel for the subsurface layer
(Fig. 4.4). As suggested in physical rating craeof Gupta (1986), AWRC values
more than 15 cm/m were considered as optimum fosadl types. Values less than
optimum were rated less and rating map of AWRC @laith % area in different
classes was prepared. It was shown that > 75 Hecfurface layer had AWRC value
> 10cm/m (rating value 0.9), whereas for subsurface layer nearly 90%hefarea
had AWRC range < 10 cm/mx (0.8). Hence it was concluded that subsurface layer
had lesser capillary pores (CP) for water retentiad this constraint was probably
because of severe compaction which reduced thalbyares and hence the volume
of capillary pores. Less water retention capaoitysoils could lead to appreciable
reduction in wheat yields.

Prediction maps of NCP were prepared by using &nkplging with “Hole
effect” semivariogram model for both layers (Figh)4 Optimum range of NCP (%)
in soil suggested for upland cultivation was 125601and assigned a rating value of
one. The results showed that more than 95% of caitteyer had NCP range > 10 %
and rating value- 0.90, and for subsurface layer, nearly 75 % aras vetween NCP
range of 5-10 % and therefore had rating betwe@0@0. The above results again
confirmed that because of compaction (BD incre&si) porosity was reduced and
hence both CP and NCP reduced.
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15-30 cm
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K, Rating Area (%)
(Efai}g“g 0-15em | 15-30 em
1.0-30 1.00 0.00 0.00
0510 0.95 0.00 0.00
0205 0.90 14.67 0.00
0.102 0.85 2391 2337
0.05-0.1 08 3913 51.09

0.01-0.05 0.75 19.02 15. 54
<0.01 0.70 326 0.00

Fig. 4.3: Rating maps of hydraulic conductivity (cm/h) of fawe (0-15 cm) and

subsurface (15-30 cm) soil layers for upland crops
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0-15cm

Colour AWRC Rating Area (%)
{cm/m)
Range 0-15cm 15-30 cm
=15.0 1.00 5.98 0.00
12.5-15.0 095 25.54 217
10.0-12.5 0.90 46.74 6.52
15-30 cm 75100 | 080 | 1630 51.09
5.0-75 0.75 543 34.78
=50 0.70 0.00 4.39

Fig. 4.4: Rating maps of available water retention capaaiy/(n) of surface (0-15

cm) and subsurface (15-30 cm) soil layers



0-15cm

80

15-30 cm

Range of NCP | Rating Area (%o)
(%)
0-15 em 15-30 cm

- 12.5-15 1.00 3098 5.98
10-125 & =15 090 64.67 16.30
7.5-10.0 0.30 380 43.91
5.0-7.5 0.70 0.54 24.46
0.0-5.0 065 0.00 4.35

Fig. 4.5: Rating maps of non capillary pores (%) of surfazd%cm) and subsurface

(15-30 cm) soil layers for upland cultivation
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For preparing prediction maps of OC, Gaussian medes found the most
suited for both layers (Fig. 4.6). Optimum rangggasted for % OC in soil was > 1.2
and was assigned a rating value of one. Valussstlean optimum were given lesser
ratings. Computation of area under different OQyemrevealed that for surface layer,
nearly 90 % area had OC range >0.6 % and ratingeval 0.90, whereas for
subsurface layer, 100% area was between OC ran@d®0.90 % and therefore had
rating between 0.85-0.90 (Fig. 4.6). Analysis dfaddius suggested that surface layer
was only slightly deficient in OC as good amounbgdanic matter was added in the
field through green manure before rice transplgnbnt subsurface layer was more
deficient in OC, which could be a constraint fooguction of succeeding wheat crop.

Physical rating index (Pl) at each sampling poirhswdetermined by
multiplying the rating values for all five paramete Reason for multiplication of
individual rating values for defining the Pl wasthhis index was an indicator of soil
productivity. Large deviation in any of the indiva parameter value from its
optimum range could bring down the yield drasticalhd such a response could only
be observed if the rating values of individual paeters were multiplied.

Pl maps of both surface (0-15 cm) and subsurfabe8Qlcm) soil layers for
upland crops were prepared by using ordinary kgigiith spherical semivariogram
model (Fig. 4.7). It showed that more than 90 %swiface layer had rating value
between 0.4-0.7, whereas for subsurface layetthallstudy area had rating value <
0.6. It means that soil physical conditions of fileé&d was poor to medium for wheat
cultivation after rice and in order to increaseil productivity for sustainable crop
production, soil managements practices such asudgabs chiseling and adding
organic matter through manure and crop residuepocation were essential.
Prediction maps of soil physical properties andfétl paddy cultivations were
prepared by selecting most suitable interpolatieohhiques and semivariogram
modeling. Rating map of BD showed that most of azeflayer (99.5 %) had rating
value > 0.90, whereas for subsurface layer, alsthdy area had optimum BD range,
between 1.55-1.60 Mg th and rating value one (Fig. 4.8).
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0-15cm
i
Area (%)
oc
Colour Range Rating | 015 cm | 15-30 cm

(%)
=1.20 1.00 0.00 0.00
0.90-1.20 0.95 11.95 0.00
0.60-0.90 0.90 79.35 44.02
15-30 cm 0.45-0.60 0.35 8.70 55.98
0.30-0.45 0.80 0.00 0.00
0.20-0.30 0.75 0.00 0.00

Fig. 4.6: Rating maps of organic carbon (%) of surface (@) and subsurface (15-
30 cm) soil layers for upland crops
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Colour Physical Area (%)
rating Index
values 0-15cm 15-30 cm

0.20-0.30 0.00 14.13
0.30-0.40 2.72 70.65
0.40-0.50 32.61 9.78
0.50-0.60 3043 5.44
0.60-0.70

218.26 0.00

15-30 cm

0.70-0.80 598 0.00
0.80-0.90 0.00 0.00
0.90-1.00 0.00 0.00

Fig. 4.7: Physical rating index maps of surface (0-15 cm)sutaburface (15-30 cm)

soil layers for upland crops
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0-15cm

Colour BD Rating Area (%)

i 0-15 15-30
3 -15 cm -30 cm
MMgm ™)
1.55-1.60 1.00 54.30 100.00
1.60-1.65
150-1.55 095 17.90 0.00
1.65-1.70
1.45-1.50 0.90 27.20 0.00
1.70-1.75
15-30 cm 130-145 085 0.50 0.00
. 1.75-1.85 0.80 0.00 0.00

Fig. 4.8: Rating maps of bulk density (Mg of surface (0-15 cm) and subsurface
(15-30 cm) soil layers for paddy cultivations
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Rating maps of hydraulic conductivity also reveathdt for surface layer,
nearly 96.2 % area hadiianges less than 0.20 cm/h (4.80 cm/day) withnmyoth
rating value 0.95-1.0 (Fig. 4.9) . For subsurfaoeet, all the study area hag Kanges
< 0.10 cm/h (0.24 cm/day) and the best rating véduglant growth (1.0). High BD
and low Ks mainly in the subsurface were because of puddlingias carried out
before rice transplanting for developing compacbssuface zone required for
reducing the percolation of standing water needetth& crop during its growth.

According to prediction maps, optimum range for Ni@Raddy cultivations
is < 12.5 % with rating value one (Fig. 4.10). Barface layer, only 76.10 % of area
had a good range (10.0-12.5 %) with rating val®®0and 23.90 % of area had NCP
range between 12.5-15.0 % and rating value 0.86sHasurface layer, around 90 %
of area had a good rating value (0.90-1.0), whe€e? was < 12.5 %.

Prediction maps of OC (Fig. 4.11) revealed that bmth surface and
subsurface layers, most of study area (> 96.0 %)t best optimum value (1.0) and
% OC was < 0.6. Increasing of %0OC causes developaieggregation and creation
of new drainage pores that accelerate saturatedblyc conductivity in the lowlands
and reduce available water content in the soil.

Physical rating index (PI) maps for paddy cultivag were also prepared by
using ordinary kriging and spherical semivariognaadel for both layers (Fig. 4.12).
It showed that both surface and subsurface layadsH values between 0.5-0.8. It
means soil physical conditions in the farm of thelg area were medium to good for
rice.

The prediction map of rice yield showed that ne88y26 of the area produced
40-60 quintal rice grain per hectare (Fig. 4.13helar regression analysis of Pl and
rice grain yield data (Fig. 4.14) shedva good correlation (R0.662). The results
thus supported earlier findings that good soil pdaishealth is essential for optimum

sustained crop production.
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0-15cm

Efs Rating Area (%)
Range
(ch) 0-15 cm 15-30 cm
<010 | 1.00 6630 100.00
010020 | 095 2990 0.00
020050 | 030 3.80 0.00
15-30 cm 050-1.00 | 0385 0.00 0.00
- 100300 | 080 0.00 0.00

Fig. 4.9: Rating maps of hydraulic conductivity (cm/h) of fawe (0-15 cm) and
subsurface (15-30 cm) soil layers for paddy cutiores
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0-15cm

Colour NCP | Rating Area (%)
Range

(%) 0-15em | 1530 cm

’ =50 1.00 0.00 2340

‘ 50-100 | 095 0.00 44.60
100-125| 0.90 76.10 19.50

15-30 cm

125-150| 0.85 23.90 1250
=150 0.80 0.00 0.00

=

v

Fig. 4.10: Rating maps of non capillary pores (cm/cm) of steféD-15 cm) and

subsurface (15-30 cm) soil layers for paddy cutiores
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0-15cm

Colour| OC
Range | Rating
(%)

Area (%)
0-15¢cm | 15-30cm

< 0.60 1.00 96.20 97.80

0.60-090 | 095 380 220

15-30 cm 045060 | 090 0.00 0,00

0.30-045 | 085 0.00 0.00

Fig. 4.11: Rating maps of organic carbon (%) of surface (@) and subsurface
(15-30 cm) soil layers for paddy cultivations
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0-15cm

Colour Physical rating Area (%)
Index walues 0-15 cm 15-30 em
0.20-0.30 0.00 0.00
0.30-0.40 0.00 0.00
0.40-0.50 0.00 0.00
0.50-0.60 18.50 2.20
0.60-0.70 51.10 63.00
15_30 cm 0.70-0.80 30.40 34.80
0.80-0.90 0.00 0.00
0.90-1.00 0.00 0.00

Fig. 4.12: Physical rating index maps of surface (0-15 cm)sutsburface (15-30
cm) soil layers for paddy cultivations



Colour

Fig. 4.13: Spatialvariation of rice yieldg/ha) in the study area

Rice Yield Area (%)
range (g/ha)
25-30 1.57
30-35 2.87
35-40 9.91
40-45 28.74
45-50 35.68
50-55 18.10
55-60 3.13
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Fig. 4.14: Linear regression between rice yield (g/ha) andsjay rating index
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4.5 Conclusion:

In conclusion it could be stated that overall swilysical health of the farm
was medium to good for paddy cultivation but was swtable for succeeding wheat
crop mainly because of increased BD and redugedNKP and AWRC of the farm.
Hence it is suggested that precision farming shbelddopted for improving the soil
health of the farm. The essential features of preci farming should include
presentation of the existing spatial soil healtlenseio through preparation of
prediction maps of various essential soil healthdators. Based on these findings,
appropriate rates of different inputs and soil ngg@maent practices should be
recommended in different parts of the farm so aalleviate the existing soil health

constraints.



93

5. IUMMARY AND CONCLUSONS

Spatial variations of soil bulk density(BD) , satied hydraulic conductivity
(Kfc) along with other important soil physical pareters such as soil texture ,soil
organic carbon (OC), non capillary pores(NCP) andilable water retention
capacity(AWRC) were studied in farm during ricetmation in National capital
region (NCR). The main aims of study were:

» Development of pedotransfer functions among syilriulic parameters and
other easily measurable soil parameters such aOBY sand, silt and clay

» To carry out two-dimensional spatial variability adysis of soil hydraulic
properties in a farm to delineate compact zonesndicating precise tillage
requirement

» To assess and map the spatial variation of sosiphi/health in the farm

» To examine correlation between spatial variatiorsaf physical health and
yield of crop in the farm

The results of analysis are summarized below:

» Among different sol physical parameters BD had Isweoefficient of
variation, followed bydrc and silt. The CV of K was highest, followed by
Opwp.

» Stepwise regression analysis ofs Kkhowed that among all soil physical
parameters, clay (%) have maximum influence @n(#9% variation in k).
Addition of sand and OC (%) in the regression maagiroved the correlation
coefficient to 57 and 66 % respectively.

» Kis was positively correlated to drainage porosity aadatively correlated to
BD. Reduction in drainage porosity, which is an igator of increase
compaction, was found to increase with increas®in (R*> =0.679). The
above correlations thus suggest that field satdrémgdraulic conductivity
could be used to delineate compact zones.

» Regression equations 6k¢ (w/w) of surface soil as a function of various soil
physical parameters showed tl&{. was negatively correlated to sand and
was positively correlated to clay and OC. Sand @loontributed nearly 30 %
variation in ©g, whereas clay and OC alone contributed 26 and 11%,

respectively.
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Similarly, 6pwp was also negatively correlated to sand and pe$jtiv
correlated to OC. Further stepwise analysis showet sand alone
contributed nearly 20 % variation bpwpe Inclusion of sand along with OC
accounted for nearly 26 % variation6gfyp.

Ordinary kriging was appropriate for interpolatiand preparation of
prediction and rating maps for soil physical pagtars in absence of trend
in data

In general, low nugget to sill ratio forKand BD showed strong spatial
dependence and for OC and NCP showed medium spipdndence for
surface soil layer. However, AWRC of surface lagigl not show any spatial
correlation.

Ordinary kriging was more accurate than IDW as skape of fitted line
through the scatter plot of predicted versus olesedata points was higher in
the former.

The kriged maps of BD or (Kwere found useful for delineating compact
zones

The minimum data set for assessment of soil phiykiealth in terms of soil
productivity included the five parameters namely,Bs, OC, NCP and
AWRC which were assigned rating values using playsiating methodology
developed by Gupta (1986).

Soil physical health of the farm was medium to géadrice but was low to
medium for succeeding wheat crop. This was mairdgalise of desirable
range of soil physical properties for rice (i.ewlds, compact subsurface,
limited root zone, low non capillary pores) and thienilar ranges were
undesirable for other upland crops. Hence sepeaatitey systems were chosen
for rice and wheat.

Linear regression analysis of Pl and rice graindydata showed there was a
good correlation between theirhe results thus supported earlier findings that

good soil physical health is essential for optimsustained crop production.
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Following conclusions can be drawn from the presernitvestigation:

The above results thus leads to conclusion thastggstical analyst of Arc
GIS was a very useful tool for carrying out geastaal/spatial variability
analysis of soil physical properties. Such analy&s required for developing
prediction maps of soil BD or {Krequired for delineating compact zones so
that deep tillage could be recommended in the catedaareas only to
economize the use of inputs.

These prediction maps of soil physical propertiesrewalso required for
preparing soil physical health index map for asegssoil quality.

One of the most important findings of geostatistaraalysis was that kriging
as a predictor did not require data to be normal.

The overall soil physical health index (PI) compltes the product of rating
values of individual parameter presented a reaspngbod spatial soil

physical health scenario and was well correlatetieoyield of the crop.

Future Needs:

Present investigation has also revealed severalimeist areas of research on

spatial variation of soil physical health. Theseagrare:

Similar to soil physical health index, soil chenii@nd biological health
indices of different soil series should be compuded correlated to yield of
different crops.

Quality index should also be developed for asegsthe soil quality for
performing soil functions such as regulating thatew and solute flow
(relevant to ground water recharge and ground wapilution studies),
degrading, immobilizing and detoxifying organic amtbrganic materials
including industrial and municipal by products énednt to soil contaminant

studies).
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6. ABSTRACT

Productivity rating systems are important toolsqteantitatively assess soil
health. In precision farming such information iguged for planning appropriate soll
and crop management strategies. In order to demad@sa proper procedure for
assessing the soil physical health of a farm, dystuas conducted in a rice-wheat
field in Kherli village of Dankaur block of GautaMagar district of Uttar Pradesh,
India. Soil samples at 145 locations at a gridrirakof 30 m x 45 m, covering a total
area of 19 hectare of farm were collected fromaxgf(0-15 cm) and sub surface (15-
30 cm) soil layers. Spatial variability analysissaiil physical properties was carried
out by using geostatistical analyst extension af &tS software.

The average values ofigand drainag@orosity at 15-30 cm layer were less
but the average values of BD and clay% were maaa their critical limits, which
confirmed the presence a plow pan in subsurface.ddscriptive statistical analysis
also showed that, among the different soil physpadameters BD had the lowest
coefficient of variation (CV) followed by permanenitlting point @pwp) and Kshad
the highest CV, followed by field capacity:f). Stepwise regression analysis qf K
revealed that among all soil physical parametéay, ltad maximum influence onK
It alone contributed up to 49% variation iR nd along with sand and OC accounted
for 57% and 65% of its variations, respectively.

Since in this experiment, ;K was used to delineate compact zones,
relationships of Kfs with other indicators of compan such as BD or drainage
porosity were explored. It was observed thatwas positively correlated to drainage
porosity (R =0.59) and negatively correlated to BCF ¢0.794).

Spatial variability analyses ofKindicated that both soil layers had similar
spatial structure and ordinary kriging was the lobstice, among several methods of
interpolation. Comparison of cross validation stits of various models also showed
that for K, Gaussian model was most suited among the allvsgimgram models.
So, ordinary kriging with Gaussian model was useddrawing prediction map of
Kts. Similar results were also obtained for BD. In giah, the ratio of nugget to sill
values for ks and BD was low (< 25%), which showed strong spatggpendence of
these parameters within their ranges, wherea®ofeéke parameters showed moderate

spatial dependence. On comparing the log transtowmadata with without
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transformation data of semivariograms qf #r the same sampling intensity it was
observed the data without transformation reducedMifPE value to near zero and
hence improved the prediction map in comparisordotp transformation datalt
means kriging as a predictor does not require tabe normalThe prediction maps

of Kis and BD for both layers also indicated the presenbardpan (K < 0.16 cm/hr
and BD >1.55 Mgni) in the subsurface. Hence deep plowing should be
recommended for the areas where plow pan existed.

Among the parameters suggested for computing dojkipal rating index
following procedure of Gupta (1986), BD ;cKAWRC, OC and NCP were chosen.
Rating maps of mentioned parametéss upland crop and rice were prepared by
using appropriate interpolation methods and swetakimivariogram models. Scoring
for rating of physical parameters was different ¥aneat and rice as the optimum
physical environment for both systems were differéhysical rating index (Pl) at
each sampling point was determined by multiplyihg tating values for all five
parameters. Overall soil physical health of thenfavas medium to good for paddy
cultivation but was not suitable for succeeding atherop mainly because of
increased BD and reduceg NCP and AWRC of the farm.

Linear regression analysis of Pl and rice graindydata also showd a good
correlation between them R 0662). The results thus supported earlier findings that
good soil physical health is essential for optimwwustained crop production.
Appropriate  management practices such as deep Iplayig organic matter
incorporation through green manuring and growindegiminous deep rooted crops
and reducing the intensity of puddling before ti@asplanting are few of the options
for improving the soil health of the farm.
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L IO 89 § B & Hifde @WReg o Wit
fafderar o aremyE
RIS

el & WY & AEAS b @ oy IATGHAT TR YUITerd
qEqqul AT & | aRYg A1 Yo BT § SUYFd JaT iR HEcl Jdg
Heell oot & e & oy g9 UaR & g aifsd 8kl ¥ 1 e B
H el o Hifdd WReY & Ao & forg Ifd fhamfafsr & weel| gg SR
Uce, Rd @ TdH TR e & SA9R &l & TRl Ta H aae—Ig, &
Wd H UP |deror fhar MAT| HeT 19 2FCIR B & | 30 WL X 45 HIL D
fre SR W 145 WMI W F&I T UHA U TQ| 3 Semsud
AHERR & —AIRFHII fAveivd f[ARR &1 SN dxeb Jal & 4lfde i
BT T fAfderdr &1 fagelvor fhar TaT| K & Sid A9 T 15—-30 H.AT.
D Ud W STAFBRIT AT BH o Sfhd BD & SIAd A Tl JiRIHT Ul
IAD!T hifaes ARl | 3ffde of 99 Iu—dds § Sl T3 A & Sal @l
SuRART #1 gie g3 | Aol Wiz favemor 9 1 I8 ysRia gom &
faf=1 ga1 WifdeT ureretl § 9 BD &1 <Aad fafdgar qone (cv) o s
are @il g9 fdg (Bews) o TAT Ky BT Hated CV o7 foT9d Uard &

gl (Be) BT WIH oT| K d TRUEE Fead [Ieelvor | I8 gar =en f&
|1 a7 I Urad H | RIS BT K, TR Fared Y9 o | Hael g8 Kg 3
49 yfcerd fafqear Sa=1 g8, afd d1e] 3R 0S | HHAM: 57 Uferd 3R 65
gfcrerd fAfderdr S 85 | 9f% 39 WA H Ky BT SYANT 319 FFal (SI)
& fRRad (Ramsfiee) o7 @ v fear T o) o SmE & o=
Hebch! SIH BD 3fefd] SIS AT BT SYANT fHAT 77 | I8 Rl 1T
Kis ST a9 IhRIAS ®U 3 deased of (R =059 IR BD 9
THRIAG ®U A FegddRed o7 (R=0.799 | K @ s fafderar fageon
Ig Had fer f& M ga1 wal @ T Rfe WRaEr g 2 iR gexurd
‘Td @ e Al # W WM R wdss fawen 2| ff deal @
IR 31fers T & fory Aiferast a1 sfidsl @ Jorm ¥ I8 Ui gom b
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Ke @ foU @it QffaRam dfeal § @ MeRga died wdas Haied
(SUYHT) oT| 3T K & YAIGAN AMMRE TR BT & oy A T &
A1 SR ATSeT BT IUAN AT MAT| BD & oy T 01 YR & uRoms
UTl 8 | WA K @ foly el AMT | Hefed 9Ie 3R BD &1 iR %
off (< 259%) RTEY S Uraell @I 319+ el & 3faid Hvrad weifHe AR
Tl g8, Safs Av yrgel § Ao e Rt o8 | e & T ©
foy &fT SURY TAT K & AMARITE & wUEROT 3fibs) & =T
TLATRROT B TBAdT DI AT PR W [URVEH Ml § gadlg A9 H
P UTS TS S T YA D a_IER 1| 3fcT: AN HUART ATbel Bl et
H gaigaE AFEeE § Sifed gUR |9d g1 | $9dT Ig dIad © fdb gaigaE
FREG & w9 H AT @ oy sl & IR B9 @ aaddl TR B K
3R BD, GFI & YaIgAM AMMEl § WRal ¥ IU—Has H HSR <l IT BISU
D1 SURATT & Fbd el (Kg <0.16 cm/hic@@IT BD >1.55Mgnt®) | 3fa: o9 &=
H gl HISE Bl g8l e Gdle $I SRMT B S AMEY | e (1986) §RI
qaT HIfded R gAdidh B TUET & [y MY Y uraell § I BD, Ke, AWRC,
OC 3R NCP &I AT TT| SWIS B AR a9 B Wl & foly IeailRad
UTedl & &R AFE Sfed gexulere Al g Suged AfHaRanm drsdl
HT ITAN TG IR fHy 17| A iR =aa & a9 § Wifds el & )
Hifde waferer =1 o | |1 uiE uraell & ol &R "M @ WU §RT URid
TATART fdg @ wifdd R Gadid (P) B Ul SR—IT TAT| BH BT B
fAemdHR JaT Hifdd WRey g @ Tl & Refd d 729 9 97 ®R 6T 2],
STafh I8 UREcl g, Bl BE d oIy IUYdd o1 AT | SHBT & HRUT BT

@ BD BT 9§ ST TAT K, NCP 3R AWRC &I HH &I SIHT aT| Pl & IRI®
Yz faeelyor 9O drgel & <1 Ui Hedl bl | W I8 yaiRid gar fb
S9 SFl @ 4 O Feddd o7 (RP= 0.662 | 39 IRV | S9 Ul gRomsi
@ gfe B8l 2 b gedd CPHre wAddET @ oy g1 & 4ifdes w@rey
S B AfErd g S udEe fhae o el s, ' Wie od @
A ¥ el § dEfd Uil & A dr TE O dTell BellaR B
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