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Abstract

The lack of randomisation in irrigation experiments is usually a disadvantage. The introduction of spatial variable experimental design offer
convenient tool to help solving this problem. In order to understand the variation of some soil physical and chemical properties in an experimer
block and its effect on lettucé.{ctuca sativa L.) production, graphical interpretation of those soil properties was done with the use of geostatistics
in a geographic information system (GIS). In this work three techniques of geostatistics were used for the creation of several maps of soil propel
in an experimental plot cultivated with lettuce. Lettuces were evaluated for individual weight and diameter at the end of the cropping season. -
soil properties studied were: total mineral nitrogen, phosphorus, potassium, pH, electric conductivity and saturated soil hydraulic gonductiv
The techniques used were: ordinary kriging, inverse distance and Thiessen polygon. Cross validation used to compare the prediction performe
of the three geostatistical interpolation algorithms determined that kriging was the best technique for each soil property. Prior to the creatior
the maps, semivariograms were produced for each soil property. The maps resulting from the interpolation techniques were introduced in a
and their values reclassified. After that, spatial modelling was used to develop a final overlay map from all the information of the analysed s
properties simulating a “lettuce production capability map”. This final map was created with the objective to determine which areas in the plot h
optimal conditions for lettuce development. It was concluded that the plot did not had an optimal area for lettuce production. Localized problet
with soil properties were found that could be solved with simple geographically restricted amendment treatments. Final lettuce yield had hi
correlation (% =0.83) with the lettuce capability map derived.
© 2005 Elsevier B.V. All rights reserved.
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1. Introduction variations that exist in agricultural fields such as variation in
soil type, moisture, topography, chemistry, physical properties,
Crops in the Mediterranean region are generally producednd other factors. These technologies promise the possibility
in fields that have a high degree of variability in soil type, of optimising profit and reducing the adverse environmental
topography, soil moisture and other major factors that affecimpact of farming Larson et al., 1997
crop production. Recent technological developments have In recent years, major advancements have been made in
paved the way for important and far-reaching changes irthe technologies required to implement precision farming
agricultural production practices. The geographical infor-practices Yalouris et al., 199¥ Traditional surveys of soil
mation systems (GIS), modelling and geostatistics are tooltertility, together with data from soil survey maps, can be
becoming progressively more suitable in fields of researclused in combination with geostatistics by decision-makers to
like Agriculture Ben-Asher et al., 1998; Gary et al., 1998; support management planning and to predict indicators re-
Bocchi et al., 2000; Basso et al., 2Q0More specifically, these lated to soil quality as a measure of sustainabili@ogto
technologies can enable micro-management techniques onea al., 1997. Many authors used classical statistics and geo-
site-specific basis to account for the natural and human inducestatistics to analyse the spatial variability of soil properties
and crop yield §ylla et al., 1995; Usowicz et al., 1996;
Stevenson et al., 20DResults obtained for a year can be usedto
- suggest field specific improvements of management allowing a
* Corresponding author. Tel.: +351 289 800940; . . . . .
fax: +351 289 818419, relatively high efficiency of natural resource-use alsoin years for
E-mail address: tpanago@ualg.pt (T. Panagopoulos). which no statistical analysis were madiasanova et al., 1999
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Precision farming is an emerging technology and thereforelecision making such as description of contaminated areas
limited research is available to practitioners who adapt precisiomwhere amendment measures should be taken or areas of good
agriculture for Mediterranean soils and crof@iristensen and  soil quality where specific management plans can be developed
Krause (1995)ointed out that computer literacy, GIS, global (Kitanidis, 1997. Ordinary kriging appropriately estimates
positioning system (GPS), expert systems, and remote sensinglues in unsampled areas and identifies places where more
can provide knowledge-based management of agricultural prantensive sampling is required because the method vyield
duction to reduce environmental impact. estimates of the errors associated with interpolation.

While precision agriculture shows to be promising with re-  Establishing relationships between spatially variable at-
spect to environmental quality, it also could increase profit martributes is very important and will allow the development of
gins. The variability within the field implies inefficient use of new understanding that can be used in precision farming. To
resources. Precision agriculture defines different managemeastablish those relationships the impact of spatial field parame-
practices to be applied within single variable fields, potentiallyters on spatial distribution of crop yield and yield potential was
reducing costs and limiting adverse environmental side effectsvaluated and quantified. The main aim of the present work was
(Booltink et al., 200L to use geostatistical techniques to quantify the spatial variation

Use of precision farming technologies requires better underef soil attributes and to improve the estimates of lettuce yield in
standing of soil variability in physical, hydraulic and chemical a field irrigated with saline water.
properties. Some of that variation is natural and some is the result
of the management history of the fiel@garovek and Schnug, 2. Materials and methods
200)). Soils vary widely in their soil properties and in their abil-
ity to supply nutrients in quantities sufficient for optimal crop  Spatial soil and crop data was collected for soil and let-
growth. Soils deficiency to supply nutrients to crops is aggratuce in an experimental field of 46 m48 m located in Gam-
vated by the fact that many modern cultivars of major crops arbéelas Campus at the University of Algarve. Lettuces were trans-
highly sensitive to low nutrient level¥\(hite and Zasoski, 1999  planted in the field on the 12th August, with spacing between

When irrigation water contains a large concentration of soluplants 2mx 1 m. The lettuces were irrigated during summer
ble salts, it could affect crop production if not properly managedwith saline water (ECw of 8 dS/m) with a sprinkler line passing
(Letey et al., 198b The mechanism affecting crop yield reduc- in the middle of the field. The salinity gradient of the plot was
tion is due to the fact that at high salinity, the water content abbtained according to the conceptshttdinks et al. (1976and
wilting point is higher than at low salinity, resulting in an in- Magnusson and Bem Asher (1998gedbed and basic fertiliza-
sufficient amount of available water and, therefore, a reducetion of N, B.Os and KO were made according to conventional
yield (Beltrao and Ben-Asher, 1997Generalized results from agrotechniques and soil fertility analysis. Weeds were controlled
crop yield models with saline water were develope@bjomon  manually and the control of pests and diseases was not needed.
(1985)andWarrick (1989)andPlaut (1997)andBeltrao et al.  Atthe 22th October lettuces were harvested and it was measured
(1997)have obtained the production of horticultural crops un-weight and individual diameter. Experiment was repeated twice.
der salinity stress. However, lack of randomisation is usually the A total of 25 soil samples were collected as suggested for
main disadvantage of this kind of experiments. small heterogeneous fields Bebster and Oliver (199(nd

Geostatistics provides descriptive tools such as semivaricarter (1993) Soil sampling was carried out at the end of the
ograms to characterize the spatial pattern of continuous and catrop in a grid scheme of 6 m 6 m, starting 4 m from the plot
egorical soil propertiesgoovaerts, 1999 Various interpolation  borders and the sprinkler line. Individual soil samples of about
technigues take advantage of the spatial correlation between obkg were collected from each sampling position at a depth of
servations to predict attribute values at unsampled locations u40-30 cm. The mixture of soil and coarse fragments was air-
ing information related to one or several attributes. From themdried, weighed and carefully sieved through a 2 mm screen with-
Thiessen polygon creates a polygon of influence for each sanout breaking up fragile fragments. The fraction passing through
ple and assumes that all values inside the polygon are equahe 2 mm sieve was split with a stainless steel riffle and saved
The inverse distance interpolator assumes that each input poifar analysis. This fraction was analyzed for physical proper-
has a local influence that diminishes with distance. It weightdies (texture, coarse fragments, particle density, specific weight),
the point closer to the processing cell greater than those farth@H, electrical conductivity, as well as, the main macronutri-
away. It does not allow assumptions required for the data, but g#nts (available phosphorus, total nitrogen and exchangeable
is good to take a first look in the interpolated surfdcerigman  potassium).
et al., 199%. The kriging interpolator assumes that the distance Specifically, soil texture was determined with the Bouyoucos
or direction between sample points reflects spatial correlatiodensimeter method=A0, 1984. The pH and electric conduc-
that can be used to explain variation in the surfackiles and tivity were measured in 1:2 slurry of soil and distilled water at
Delfiner, 1999. 25°C (Black, 1965. The Kjeldahl digestion method was used

An important contribution of geostatistics is the assessmerfor nitrogen and the Olsen method by extraction with sodium
of the uncertainty about unsampled values, which usually takelsicarbonate at pH of 8.5 for the available phosphofRagg,
the form of a map of the probability of exceeding critical values1982. The exchangeable potassium was determined by atomic
for soil quality Castrignano et al., 2002 This uncertainty absorption using ammonium acetate extraction at paatter,
assessment can be combined with expert knowledge fat993. Field-saturated hydraulic conductivity was determined
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Table 1

Reclassification of field capability for lettuce production (adapted fvidane and McCollum, 1980; Kopp et al., 1989; Maroto, @D0

Classification Reclassification EC (dS/m) Ntotal (ppm) P (ppm) K (ppm) Ks (cm/h) pH
Limiting 1 >5 <10 <9 <45 <1 <5
Conditioning 2 2-5 10-50 10-40 45-120 1-3 55%.5
Benefiting 3 <2 50-150 40-100 120-250 3-6 58

in situ with the Guelph permeameter method as described bthe maps in three classes: limiting production (1), conditioning
Reynolds and Elrick (198%ndCarter (1993) production (2) and benefiting production (3). Von Liebig’s law

All data was entered into a field-scale GIS and interlayer dataf the minimum was taken into consideration.
analytical tools was utilized to quantify spatially dependentrela- The reclassification maps where weighted and overlaid in
tionships. A semivariogram was produced for each soil characArcview model builder. The weighted overlay fertility map was
teristic and several parameters that a semivariogram can provigeoduced combining the reclassified maps of nitrogen, phospho-
were analysed. For the creation of prediction maps for the severalis and potassium. Other factors like electric conductivity, pH
soil properties, three interpolation methods were used: inversand hydraulic conductivity were created, reclassified, weighted
square distance, Thiessen polygon and ordinary kriging. and overlaid to produce a final malpig. 1).

The first two are simple deterministic interpolators that were In the weighted overlay process each map was assigned with
used to have a first look at the exact values of the studied suequal percentage influence. The cell values were multiplied by
face without the necessity to make decisions about assumptiotiseir percentages and then, added to create the output grid. Areas
required from the data. Ordinary kriging was used initially till classified as limiting production were considered restricted areas
to find if there was present trend or anisotropy in the data. Afteby the model and therefore were not overlaid like the other non-
trend or anisotropy removal, kriging was used to create the finakestricted areas.
prediction map of all soil properties studied. The superposed final map of fertility and the other soil prop-

Cross validation was used to compare the prediction perforerties was created to locate the optimal area for lettuce pro-
mances of the three geostatistical interpolation algorithms. Crosfuction. Also, it was superposed the graphical presentation of
validation indicators and additional model parameters (nuggetettuce weight. The real lettuce weight was used to validate the
sill, range) helped to choose the most appropriate model of therediction final map of lettuce production.
prediction maps for each soil propertiggaks and Srivastava,

1989. 3. Results and discussion

After the creation of soil properties maps, the grids were
reclassified using GIS software (Arcview spatial analyst). All A dataset of lettuce production and soil properties was
maps were reclassified following thkable 1reclassification. created with their georeferenciated position in the field. Before
The reclassification was accomplished grouping the values afreating surface diagrams, the distribution of data was analysed
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Fig. 1. Model used in Arcview model builder to overlay all the plant-producing factors after a reclassification of their values with objective éoncageshowing
the optimal location for lettuce production.
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Fig. 2. Soil electrical conductivity (1:2) map of the field cultivated with lettuce and irrigated with saline water after ordinary kriging, shoatipgréett gradient
around irrigation line.

to get a better understanding of trends, directional influenceslose to surface, soil texture, hydraulic conductivity and
and obvious errors. In most of the cases the data was nather soil properties or/fand anthropogenic factors like years
normally distributed presenting large spread and no symmesf tillage perpendicular to the isolines and consequent ero-
try. sion.

Differences between results of the three geostatistical With respect to the data that was not following normal dis-
interpolation algorithms were not significant. Kriging was tribution and presenting high number of extreme values, using
offering the possibility of flexibility in assumptions required Voronoi mapping was found that extreme values were not dis-
for the data to continue the study. similar to their surrounding neighbours, so they were not mis-

The field was irrigated with saline water from a line of takes. The next step was to find if transformations and trend
sprinklers passing in its middle, thus an electric conductemoval could help to justify an assumption of normality.
tivity gradient was expected in the soikig. 2 is show- Kriging as a predictor does not require that the data have a
ing the map of topsoil electrical conductivity after ordi- normal distribution. Kriging relies on the assumption that all the
nary kriging, demonstrating a not expected irregular graditandom errors have zero mean and the covariance between any
ent around irrigation line. This was an indicator of a trendtwo random errors depends only on the distance and direction
in the data that it could be caused from natural factors likehat separates them and not their exact locati@moyaerts,
wind direction during irrigation, slope, impermeable layer 1997).



T. Panagopoulos et al. / Europ. J. Agronomy 24 (2006) 1-10 5

Trend analysis of EC Trend anal. of texture Trend anal. of pH Trend anal. of org. mat.

Fig. 3. Trend analysis demonstrating a North to South trend for electric conductivity (EC), texture (clay) and hydraulic conductivity (Ks) aint &deSagend
for EC, texture, pH, Ks and organic matter.

Table 2

Values of model parameters used to find the best semivariogram to predict electric conductivity (ds/m)

Model Nugget Part. sill Major range Minor range Direction ME RMSE ASE RMSSE
Circular 0.02 8.71 41.8 229 347 .a 0.69 1.07 0.68
Spherical 0 8.39 43.7 26.2 346 .02 0.69 1.08 0.67
Tetraspherical 0 8.49 43.1 29.4 345 .0D 0.69 1.08 0.68
Pentaspherical 0 8.42 43.1 323 344 .0D 0.71 1.09 0.68
Exponential 0 9.24 43.1 .05 0.75 1.24 0.61
Gaussian 0.51 8.51 43.0 20.1 351 .0D 0.68 0.91 0.81
Rational quadr. 0.14 9.07 43.1 .0B 0.83 0.69 1.41
Hole effect 0.53 6.99 54.5 31.78 348 —0.01 0.73 0.91 0.86
K-Bessel 0.35 8.05 21.7 —0.01 0.74 1.04 0.77
J-Bessel 0.71 6.21 36.5 . 0.72 0.84 0.95
Stable 1.44 8.90 29.8 .4 0.75 0.75 1.16

From the cross-validation of the models were used the mean error (ME), root-mean-square error (RMSE), average standard error (ASE) and vaoé-mean-s
standardized error (RMSSE).

Transformation and trend removal was done when necessary Kriging after trend removal was done on the residual data
to create more accurate prediction mapig. 3is showing the of electric conductivity, texture (clay), hydraulic conductivity,
results of trend analysis before to apply kriging. It was found toorganic matter, total nitrogen and pH. The prediction map of
exist a trend for many of the parameters analysed indicating thaach factor was calculated and trend was added back to the output
trend removal was necessary to create more accurate predictisarface. Cross-validation and validation of the last map show that
maps. Trend removal and logarithmic transformation helped toesults were improved for electric conductivity, texture and pH

normalize data distribution. but not for the other parameters. For the above production factors
Table 3

Results of the semivariogram chosen to create the prediction maps of the plant production factors studied

Plant production factor Model Nugget Sill Range ME RMSE ASE RMSSE Nugget/sill
pH Gaussian @0 049 17.1 0.02 o7 067 0.86 0.41

EC (dS/m) Gaussian Bl 902 43.0 0.01 ®8 091 0.81 0.06

Nitrogen (ppm) Exponential .80 1142 43.4 0.01 B2 288 0.91 0.25
Phosphorus (ppm) Exponential A7 149 43.4 0.08 Hl 336 0.98 0.50
Potassium (ppm) Exponential 2 353 43.4 0.86 1B4 1653 0.94 0.65

Ks (cm/h) Spherical a1 093 16.1 0.31 A1 353 0.77 0.12

Texture (clay, %) Gaussian 4 15 17.8 0.43 .87 394 0.97 0.27

Lettuce weight (g) Exponential 96 319 44.5 0.21 .88 954 0.94 0.30

Lettuce diameter (cm) Exponential 11 37 44 0.01 94 59 0.81 0.30

From the cross-validation of the models were used the mean error (ME), root-mean-square error (RMSE), average standard error (ASE) and vaoé-mean-s
standardized error (RMSSE).
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Fig. 4. Texture map of the field cultivated with lettuce and irrigated with saline water after ordinary kriging, showing the existence of a heaghatestur

itwas decided to not simplify data, to keep the models simple anchodel for each one, in order to have an indication on how the
trend removal was not taken into consideration because residusamples were related to each other.
data presented too little variation. Table 3presents the final semivariogram model chosen for
Kriging cross-validation was used to estimate which of thethe prediction map of each parameter analysed. From the several
semivariogram models could give the most accurate predictiongarameters that the semivariogram provided, the large nugget ef-
of the unknown values of the fieldable 2presents summar- fect of some of them indicated a high variance at short distance
ily the indicators which helped to choose the most appropriatas itis mentioned bjxrmstrong (1998)Also, exponential semi-
model of semivariogram for the creation of the prediction mapvariograms for some factors was an indicator of high variance at
for electric conductivity. short distance for those factors. All soil properties showed pos-
The closer to 0 was the mean cross-validation error (MEjtive nugget, which can be explained by sampling error, short
and the closer to 1 was the root-mean-square standardized eange variability, random and inherent variability. The variable
ror (RMSE) signified that the prediction values were closer tas considered to have a strong spatial dependence if the ratio
measured valueS\ackernagel, 1995When models presented nugget-to-sillis less than 25%, and has a moderate spatial depen-
similar values for ME and RMSE it was taken in considerationdence if the ratio is between 25% and 75%; otherwise, the vari-
the lowest values of RMSE and average standard error (ASEable has a weak spatial dependerCarobardella et al., 1994
Table 2was repeated for every parameter studied following Fig. 4is showing the map of texture derived from clay per-
the rules mentioned above and it was selected a semivariogracentage data after ordinary kriging, demonstrating the existence
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Ordinary kriging of
Hydraulc conductivity (cm/h) Sprinkler irrigation
with saline water

1-25
25 -6
- 6-12 ? 10 2]0 Meters

Fig. 5. Hydraulic conductivity map of the field cultivated with lettuce and irrigated with saline water after ordinary kriging, confirming thecexa$tariess
permeable layer close to the surface.
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Fig. 6. Maps of standard deviation derived from kriging for electric conductivity (EC, ds/m), texture (clay, %), hydraulic conductivity (Ks,nchphjassium
(ppm).
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Fig. 7. Results of the overlay procedure of all soil properties in Arcview model builder after reclassification and weighting of the ordinaryaiuigingeorefer-
enced, graphical presentation of lettuce weight corresponds to all lettuces produced in the field.

of a heavy textured area in the highest part of the field whickeasy to identify important facts were taken into consideration,
could affect productivity of lettuce as well as soil salinity. This like areas of high and low nutrient concentration. Thus, those
was due to continuous tillage and irrigation during years of exmaps were important for the estimation of the optimal area of the
periments in that field which caused erosion, removing the suffield for lettuce cultivation and helped to predict which property
face sandy horizon and exposing an impermeable clay layewas limiting lettuce production and where.
Hydraulic conductivity map of the field after ordinary kriging  All maps of soil properties were reclassified, weighted and
(Fig. 5 confirmed partially the existence of the above imper-overlaid in Arcview model builder. A fertility map was produced
meable layer. Also, it showed a less permeable layer around tHest combining the maps for nitrogen, phosphorus and potas-
line of sprinkler irrigation caused by high salinity. sium. The superposed final map of all soil properties shows that
In the cases that residual, spatially uncorrelated nugget wasith the existing soil conditions there were no optimal areas for
high, block-kriging was done to reduce it. An additional andlettuce productionKig. 7). In the same figure it can be seen the
powerful advantage of kriging is that the method yields estimatesonfirmation of the above result with the graphical presentation
ofthe errors associated with interpolationFig. 6are shownthe  of lettuce weight, after harvest. Empty areas in the field indicate
maps of standard deviation from kriging of electric conductivity no lettuce production.
(EC), texture (clay), hydraulic conductivity (Ks) and potassium. The measured weight of lettuce was used to validate the re-
Following the above described procedure, maps for the othesults of the final soil property map. Lettuces of less than 200 g
soil properties based on ordinary kriging were produced. Variouare not marketable according to the European Community norms
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Fig. 8. Potassium map of the field cultivated with lettuce and irrigated with saline water after ordinary kriging, exhibiting a lower necessitingftappiutrient
in the right part of the field.

(CE No. 543/2001, of 27th July). It was found that 95% of thefield. The field could be managed better by shifting the irrigation

lettuces produced in the area estimated as the best area of tipissitions to avoid the build up of strong trends.

field had a weight over 200g. In the area estimated as limited The fertility of the field could be improved locally follow-

for lettuce production only 4% of lettuces had a weight overing the crop requirements for every nutrient, without spending

200g. Final lettuce yield had high correlatiorf €£0.83) with  money and damaging the environment with unnecessary fertil-

the lettuce capability map derived. izing. For example, it can be visualisedfig. 8that the west
The understanding of the spatial distribution pattern of soilpart of the field had lower than 60 ppm of potassium and should

properties is important to determine soil limitations to plantbe fertilised with 200 kg/ha of potassium, while most of the east

growth and appropriate management of soil resources in cupart of the field had an estimated 100-140 ppm of the nutrient,

tivated areas. Localized problems in soil properties could bsuggesting fertilization with 80—100 kg/ha of potassium in that

solved with simple geographically restricted amendment treatarea.

ments. For example, the less permeable area located around

the sprinklers line, should be treated with a deep tillage and. Conclusions

soil washing; the heavy textured spot in the bottom of the field

could be improved with sand addition. The saline area should This work shows that simple random sampling and the

be washed with clean water locally to not waste this valuablealculation of an average, usually used for the normal procedure

resource on the not salinized and highly permeable area of thef soil sampling in Agriculture, is not always the best answer.
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Geostatistical methods describe the spatial variability and helpao, 1984. Physical and Chemical Methods of the Soil and Water Analysis.
to produce standard deviation maps, showing the confidence of FAO Soils Bulletin 10.
the samples taken in an area Gary, C., Jones, J.W., Tchamitchian, M., 1998. Crop modelling in horticul-

Trend removal and direction of anisotropy of some soil brop- ture: state of the art. Scientia Horticulturae 74, 3-20.
. V _I ,' ~ ! Py Ifprop Goovaerts, P., 1997. Geostatistics for Natural Resources Evaluation. Oxford
erties was facilitated with kriging. However, when trend was not  yniversity Press, New York.
strong and justified from validation and cross-validation it wasGoovaerts, P., 1999. Geostatistics in soil science: state-of-the-art and perspec-
preferred to keep the models simple and with minimum data as- tives. Geoderma 89, 1-45. _ _
sumptions to decrease risk of error from simplicity of data and*@nks, R.J., Keller, J., Ramussen, V.P., Wilson, G.D., 1976. Line source
too little variation sprinkler for continuous variable irrigation crop studies. Soil Sci. Soc.
. . ) . Am. J. 40, 426-429.

The absence of optimal area for lettuce production withoukitanidis, P.K., 1997. Introduction to Geostatistics: Applications to Hydro-
amendment treatments was confirmed with the graphical presen- geology. Cambridge University Press, Cambridge.
tation of lettuce weight. Final lettuce yield had high correlationKopp, E., Sobral, M., Soares, T., Woemer, M., 1989. Os solos do Al-
(r2=0.83) with predicted yield from the capability map derived. ~ 9arve € suas caracisiicas - vista geral. Min. Agricultura, Pescas e

e L. . . Alimenta@o - DGHEA; Projecto Luso-Alefio, Patago, Portugal (in

The classification techniques of GIS used in the present work Portuguese)
were sufficient to determine which areas were the most suitablgyson, W.E., Lamb, J.A., Khakural, B.R., Ferguson, R.B., Rehm, G.W.,
for the crop and to localize problems with soil properties 1997. Potential of site-specific management for nonpoint environmental
that could be solved with better management and simple protection. In: Pierce, F.J., Sadler, E.J. (Eds.), The State of Site-Specific
geographically restricted amendment treatments. Geostatistics Management for Agriculture. ASA Misc. Publ. ASA/CSSA/SSSA, Madi-

can be used as an inexpensive way to apply precision farming.,>°"™ W1, pp. 369-39€.
P y pply p Igstey, J., Dinar, A., Knapp, C.K., 1985. Crop water production function

in integrated agriculture of small farms. model for saline irrigation waters. Soil Sci. Soc. Am. J. 49, 1005—1009.
Longman, R.H.G., Ter Braak, C.J.F., Van Tongeren, O.F.R., 1995. Data Anal-
ysis in Community and Landscape Ecology. Cambridge University Press,

References Cambridge.
Magnusson, D.A., Bem Asher, J., 1990. Simulated water and solute distribu-
Armstrong’ M., 1998. Basic Linear Geostatistics. Springer’ Berlin. tion from a crossed tl’lple line source. Irl’igation Sci. 11, 31-36.

Basso, B., Ritchie, J.T., Pierce, F.J., Braga, R.P., Jones, J.W., 2001. Spiaroto, B.J.V., 2000. Horticultura Herbacea Espacial. Mundo-Prensa, Madrid
tial validation of crop models for precision agriculture. Agric. Syst. 68,  (in Spanish).
97-112. Page, A.L.,, 1982. Methods of Soil Analysis. Physical and Mineralogical
Ben-Asher, J., Warrick, A., Matthias, A., 1998. Bare-soil evaporation deter- Methods. Amer. Soc. of Agron. Inc., Madison, WI.
mined in situ by infrared thermometry. J. Hydrol. 69, 325-334. Plaut, Z., 1997. Irrigation with low quality water: effects on productivity, fruit
Beltrdo, J., Ben-Asher, J., 1997. The effect of salinity on corn yield using Pquality and physiological processes of vegetable crops. In: Chartzoulakis,
CERES-Maize model. Irrigation Drainage Syst. 11, 15-28. K.S. (Ed.), Proceedings of the 2nd International Symposium on Irrigation

Beltrdo, J., Trindade, D., Correia, P.J., 1997. Lettuce yield response to salinity ©0f Horticultural Crops. Acta Horticulturae 449, 591-597. _
of sprinkle irrigation water. In: Chartzoulakis, K.S. (Ed.), Proceedings of Reynolds, W.D., Elrick, D.E., 1985. Measurement of field-saturated hydraulic

the 2nd International Symposium on Irrigation of Horticultural Crops. ~ conductivity, sorptivity and the conductivity pressure head relationship

Acta Horticulturae 449, 623—-627. using the GUELPH permeameter. In: Proceedings, National Water Well
Black, C.A., 1965. Methods of Soil Analysis. American Society of Agronomy  Association Conference on Characterization and Monitoring of the Vadose
Inc., Madison, WI. (unsaturated) Zone, November 1985, Denver, CO.

Bocchi, S., Castrignano, A., Fornaro, F., Maggiore, T., 2000. Application ofSolomon, K.H., 1985. Water salinity production functions. Trans. ASAE 28,
factorial kriging for mapping soil variation at field scale. Eur. J. Agron. ~ 1975-1980.
13, 295-308. Sparovek, G., Schnug, E., 2001. Soil tillage and precision agriculture. Soil
Booltink, H.W.G., van Alphen, B.J., Batchelor, W.D., Paz, J.0., Stoorvogel,  Tillage Res. 61, 47-54. '
J.J., Vargasy R., 2001. Tools for 0pt|m|z|ng management of Spatia”y_stevenson, F.C., Knlght, J.D., Wendroth, 0., van KeSSel, C., Nlelsen, D.R.,
variable fields. Agric. Syst. 70, 445-476. 2001. A comparison of two methods to predict the landscape-scale vari-
Cambardella, C.A., Moorman, T.B., Novak, J.M., Parkin, T.B., Karlen, D.L.,  ation of crop yield. Soil Tillage Res. 58, 163-181. ‘ o
Turco, R.F., Konopka, A.E., 1994. Field-scale variability of soil properties Sylla, M., Stein, A., van Breemen, N., Fresco, L.O., 1995. Spatial variability

in Central lowa soils. Soil Sci. Soc. Am. J. 58, 1501-1511. of soil salinity at different scales in the mangrove rice agro-ecosystem in
Carter, M.R., 1993. Soil Sampling and Methods of Analysis. Canadian So- West Africa. Agric. Ecosyst. Environ. 54, 1-15.
ciety of Soil Science. Lewis Publishers, Charlottetown, Canada. Usowicz, B., Kossowski, J., Baranowski, P., 1996. Spatial variability of soil

Casanova, D., Goudriaan, J., Bouma, J., Epema, G.F., 1999. Yield gap anal- thermal properties in cultivated fields. Soil Tillage Res. 39, 85-100.
ysis in relation to soil properties in direct-seeded flooded rice. GeodermaVackernagel, H., 1995. Multivariate Geostatistics: An Introduction With Ap-
91, 191-216. plications. Springer, Berlin.

Castrignano, A., Maiorana, M., Fornaro, F., Lopez, N., 2002. 3D spatiaVare, G.W., McCollum, J.P., 1980. Producing Vegetable Crops. The Interstate
variability of soil strength and its change over time in a durum wheat  Printers and Publishers, Danville, IL.
field in Southern Italy. Soil Tillage Res. 65, 95-108. Warrick, A.W., 1989. Generalized results from crop yield model with saline

Christensen, L., Krause, K., 1995. Precision farming: harnessing technology. Waters. Soil Sci. Soc. Am. J. 53, 1641-1645.

Agricu|tura| Outlook. Economic Research Service, USD,A‘7 18-19 May Webster, R., O”Ver, M.A., 1990. Statistical Methods in Soil and Land Re-

Chiles, J.P., Delfiner, P., 1999. Geostatistics: Modelling Spatial Uncertainty. Source Survey. Oxford University Press, New York, USA.

John Wiley & Sons, New York. White, J.G., Zasoski, R.J., 1999. Mapping soil micronutrients. Field Crops

Couto, E.G., Stein, A., Klamt, E., 1997. Large area spatial variability of ~Res. 60, 11-26. _ -
soil chemical properties in central Brazil. Agric. Ecosyst. Environ. 66, Yalouris, K.P., Kollias, V., Lorentzos, N.A., Kalivas, D., Sideridis, A.B., 1997.
139-151. An integrated expert geographical information system for soil suitabil-

Issaks, E., Srivastava, R.M., 1989. An Introduction to Applied Geostatistics. ity and soil evaluation. J. Geographic Inform. Decision Anal. 1, 90—
Oxford University Press, New York. 100.



	Analysis of spatial interpolation for optimising management of a salinized field cultivated with lettuce
	Introduction
	Materials and methods
	Results and discussion
	Conclusions
	References


