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Summary

This work presents evaluation of three method$afial outlier detection in yield data. Raw
yield data used for the analyses came from a fiedgpped with winter wheat in 2009 located in
north of Poland. Three methods were used for théadputliers detection, one method based on
histogram and two methods based on spatial autdation coefficient KMoran's I). Different
percentages of the outliers were detected using efithe methods and quite weak correspon-
dence between the methods was achieved.
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1. Introduction

Farmers use yield maps to target existing resourcaseas of low yield to
maximise both yield and gross margin. However,gbiential to gain a greater
financial return and associated possible envirotahdxenefits exists by varying
crop inputs to match the yield potential of difier@arts of the field (Moore and
Kremmer, 1998). Yield maps are a valuable sourcepatial data in precision
agriculture only if they report crop yields closethhe actual yields (Faber, 1998).

Unfortunately, devices used to monitor crop yialdite often register data
significantly different from actual yield values.dstly this is due to the dyna-
mics of the movement of grain in the different ded of combine harvester,
e.g. change of speed and direction of the harvestevell as improper calibra-
tion of yield meters (Colvin and Arslan, 1999, 20@2slan and Colvin, 2002).
However, the process of harvesting itself very rofteads to erroneous data
because of logging data without any crop flow ie tiarvester or harvesting
without full header usage.

Despite the fact that yield monitoring technologyelops, it is not possible,
in the present state, to avoid erroneous yield dagistered in some areas of the
field. The number of such incorrect data (spatigliers) saved depends on the
presence of obstacles in the field, stops of h&evestc. Share of the spatial out-
liers usually ranges from 10 to even 50% (Suddathrummond, 2007).

It is difficult and laborious, to point out the tiats based on raw yield data
and visual assessment of yield maps. Statisticéhads that could help to de-
tect such outliers are very desirable. The simpdg@gtroach, applied to detect
erroneous Yield data, is the removal of yield valbeyond the range of biologi-
cal potential (Simbahan et al. 2004); in case oéals yields under Polish con-
ditions this value would be about 1B& (COBORU 2008).

To remove outliers it is also possible to applyssieal statistical ap-
proaches such as removal of yield observation tasgdower by more than 3
standard deviation from the average yield (Simbadtaal. 2004). Such methods
of outliers detection allow to remove most of theservation significantly dif-
ferent from the actual yield. However, still a langumber of possibly erroneous
observations can not be removed. This is becaugpi@al observation in the
entire set of values can be a spatial outlierraagerately low value of combine
logging data in field areas where yields are vdghhn reality. This observa-
tion is a non-typical observation in space (cafipdtial outlier), ie. local outlier
(Dobermann, 2003; Ping and Dobermann, 2005). Detedtf spatial outliers
should be based on the method which takes intouatdbe location of the
point in space, and assess the values of the iyiglte neighboring points. This
is possible to achieve if we use spatial statigiemstatistics) methods.
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In case of biological phenomena, (e.g. yield of@dtural crops), very of-
ten positive spatial autocorrelation is observesd,the value of a trait is usually
similar in the neighboring areas, and changes initheasing the distance (So-
kal et al. 1998). The occurrence of spatial autedation, can be checked for
example basing on the global spatial correlatiog, @eary or Moran’s coeffi-
cients. Positive spatial autocorrelation means tiatpoints next to each other
usually have similar values. Such positive autaaation is almost always ob-
served in case of yield because yields are usuabse similar for neighboring
points than for distant points (Long, 1998; Robimsand Metternicht, 2005).

Moran’s local autocorrelation coefficient relates to theoaorrelation of
an individual point. In case where the value ofiey point is similar to the
values of neighboring points, local autocorrelatioefficient is above 0. If the
value of the local autocorrelation coefficient eddw 0, this means that a given
point value differs much from the neighboring peinalues. Most methods
used for the detection of spatial outliers is basadthe existence of such a
negative autocorrelation of a single point (McGrattd Zhang, 2003; Shekhar
et al. 2003, Anselin et al. 2006). These methodsuaed for the detection of
spatial outliers in various research areas e.geonetogy, demography, health
care, geology, environmental protection and otiedd$ where we are dealing
with spatial variables.

To make the detection of spatial outliers easise@éms important to com-
pare the correspondence of results obtained byn#thod based on local auto-
correlation coefficient and classical methods basedon-spatial approach and
visual assessment of the map. The latter are plpbatre objective but require
more experience to be done properly.

The aim of this study is to evaluate the usefulrdss method based on lo-
calMoran’s| for the detection of spatial outliers in the yiebdps.

2. Material and methods

Raw yield data used for the analyses came froreld éropped with winter
wheat {Triticum aestivum L, cv. Trend (21.9 ha) farmed by Farm Frites Poland
Dwa Sp. z 0.0, located in Bobrowniki (®2’80"N, 17°32'86" E), Pomerania
region, in the north of Poland. The field underdgtis dominated by brown
soils (WRB: Dystric Cambisol), which developed droeg loamy sands from
moraine glacial depositions of the last glaciatidoncording to the Polish sys-
tem of agricultural suitability categories, thesdssare of medium to good suit-
ability for wheat production.
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During the harvest in 2009 grain yield was measlbgdsield monitors
mounted on two Claas Lexion 560 harvesters. Ravd ylata (3502 points in
total) were logged and georeferenced automaticelizg GPS receiver. A map
of raw yield data is presented on Figure 1.
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Fig. 1. Map of a raw grain yield of winter wheat
For each point of raw yield data loddbran’s spatial autocorrelation coef-

ficient was calculated using ArcGIS 9.3 softwareading to the following
formula (Anselin 1995):

(X =03 (X, ~%)

(2.1)
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where:N — number of points — value of a variable farth location,x — value

of a variable foj-th location, X — average value of a variablg, — weight be-
tween locationd andj. These weights for pairs of points amciprocals of
Euclidean distances between these points. To nadslpe calculation of local
Moran’s | for each point only points in the radius of 100erevtaken into con-
sideration. Most of valueMloran’s | are between -1 and 1 but the values can
exceed interval [-1; 1]. Values below 0 mean negasiutocorrelation and pro-
bability that the point is a spatial outlier.
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Fig. 2. Histogram for raw yield data (outliers are marie black)

The same dataset of raw yield data was analyzen udassical (non-
spatial) statistics and methods for detection afswal yield values. For doing
so, empirical frequency distributions were calaedbfor the raw data of the
variableyield andharvest rate which were available from the logged data file.
Thresholds were established on the base of theidrexry curve and all data
points excluded, which were beyond these threshafldery low or very high
yield and harvest rate, respectively. Figure 2 shtwe yield data histogram.
Values treated as outliers are mainly in the range 0 to 1 t h& and larger
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than 10 t hd. However, some data points with yield values wittie specified
range were marked as outliers because of theirtymoal values for the har-
vest rate, another parameters registered autoratigathe yield monitor. The
method is straight forward and does not take imtwoant the spatial arrange-
ments of yield data. In this paper, we will referthis method as histogram
method, which led to the exclusion of 692 raw yidhta points (19.9%) for
further interpolation of yield maps.

3. Results

Yield values were positively correlated, value @bl Moran’s | coeffi-
cient was equal to 0.704. It means that positivatiapautocorrelation exists
and local Moran’s coefficient can be used for eutliletection. For the whole
raw Yyield data set, 758 values (21.6%) with lddmran’s spatial autocorrela-
tion coefficient below 0 were observed. It meara the value of grain yield for
these points is quite different from grain yieldsetved for the neighboring
points because of their negative autocorrelatinrthis paper testing of signifi-
cance of outlier detection was omitted because 8hlypoints were significant
negative autocorrelation (testing based on norneilbution assumption of
Moran’s | coefficient at 0.05 probability level) and we demidto treat all
points with value oMoran’s I below 0 as outliers.

Unfortunately this method for outlier detection ypimb some extent corre-
sponded with the histogram method because onlyEI® data points were the
same outliers for both methods (Fig. 3 and Tab.Thjs result was mainly
caused by positive autocorrelation for points ledaat the edges of the field,
where very often low values of grain yield (belove ® per ha) were observed.
It is interesting that for points which have graield equal to 0 the value of
Moran’s | was frequently high since grain yield for neighbgrpoints was also
equal to 0. Therefore we suppose that the methoddied on locaMoran’s
spatial autocorrelation coefficient alone is nau#ficient and objective method
for outlier detection.

To make the detection of spatial outliers, withemvryield data, more ob-
jective we proposed a modified method, based nbt on negative value of
local Moran’s |, but additionally on very high value of this caeiént. Since
the value ofMoran’s | can be beyond the range of [-1; 1] we assumed that
Moran’s | values greater than 4.7 represent not typical pdiatause the value
of grain yield is almost the same for theirs nemisb(e.g. is equal 0). The
threshold value of 4.7 was estimated on the bddisgistic regression (probit
model) where the decision based on the histogram tveted as dependent
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binomial variable (Y) (0 — typical value; 1 — oetl) and independent variable
(X) values ofMoran’s | (only values greater than 0 were included into sktta
for this analysis). Estimated equation of the regj@n function was as follow:

Y=exp(-3.42+(0.728)/(1+exp(-3.42+(0.72&)).

On the basis of the regression functinyalue was estimated for which
value is equal to 0.5. We received a value equdl.Toand it means that if the
value ofMoran’s | was greater than 4.7, the probability that a pisirstn outlier
was greater than 0.5. Using this approach 113B%32f total) yield data points
were treated as a spatial outliers (Tab. 1 and4jigMoreover, as many as 434
the same vyield data points were considered asaspatiiers by the modified and
histogram method. With the modified method the ctéia of spatial outliers was
much better than the detection on the basis oftivegautocorrelation coefficient
alone, but it still gave low correspondence wittdgram method.

Table 1 Contingency table presenting number of outlied tgpical points for histogram method
of outlier detection and two methods based on apatitocorrelation coefficient — locisloran’s |

Method based on negative valueMidran’s |

typical values outliers
typical values 2155 655
Histogram method outliers 589 103

Method based on negative valueMdfran’s | and
very strong autocorrelatiom>4.7)
typical values outliers
typical values 2108 702
Histogram methog outliers 258 434
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Fig. 3. Outliers detected by histogram method (A) andhenbasis of localloran’s| (B)
(value ofl below 0 indicates spatial outliers)
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Fig. 4. Spatial outliers detected on the basis of negatalue of locaMoran’s| and very
high values of (greater than 3)

4. Conclusions

It seems that method of outlier detection basedabnes ofMoran’s | can
be useful especially for detection of individuatl@rs which are next to typical
values. Usefulness of this method is not sufficigngpatial outliers are in
groups situated next to each other. Such situatam exist especially in the
border of the fields.

This study proved that the use of the autocor@tatioefficientMoran’s |
alone, is not an objective method for the spatédtion of outliers within raw
yield data. The detection of spatial outliers basecdegative value diloran’s
I was not sufficient and many outliers pointed oatlier by the histogram
method were not detected.

It has been observed that not only negative auteledion coefficient
Moran’s| but also its very high value can be the indicafaan outlier.
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The process of detection of spatial outliers shoetasist of classical
methods (e.g. removing very high and very low valaggrain yield) and com-
plementary methods based on the autocorrelatiofficieat as a final step for
creation of reliable yield maps.
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OCENA METOD DETEKCJI OBSERWACJI
ODSTAJACYCH W PRZESTRZENI W DANYCH DLA
PLONOW PSZENICY OZIMEJ

Streszczenie

W pracy przedstawiono ocertrzech metod detekcji obserwacji odstgch w plonach
pszenicy ozimej. Dane do analiz pochodzity z pakaktérym uprawiano pszewiev roku 2009
potozonym na potnocy Polski. Zostaly wykorzystane tragtody detekcji obserwaciji odsiaych
(jedna metoda oparta na histogramie oraz dwie mpetmérte na wspoétczynniku autokorelacji
przestrzennejl (Morana). Uzyskano rény udziat procentowy obserwacji odsajch oraz dét
niewielka zgodnd¢ wynikéw uzyskanych ocenianymi metodami.

Stowa kluczowe:obserwacje odstage w przestrzeni, plony §tin, pszenica ozima, autokorelacja
przestrzenna
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