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ABSTRACT: This paper describes the normalization of hypersakdata in order to construct a high accuracy
estimation method for gramineous crop productividgnerally, the estimation accuracy of crop iscéd by the
shadow caused by the topography and the objeattsteu Some vegetation indices of multispectralseerare
expected to reduce the influence of shadow, thezefrevious studies used vegetation indices famasion of crop
productivity. Recently, needs for remote sensiegdrwith higher accuracy, so that hyperspectral Hatving high
potential estimation capability have been employedemote sensing applications. However, the tepliof
reducing shadow influence included in hyperspectaa is still not carefully reviewed. This studiggests the unit
vectorized reflectance (UVR), which is one of tleemalization for spectral data. The normalizatisexpected to
reduce the shadow influence included in hyperspkdata. Our results show that UVR reduced theceffeshadow
and improved the determination coefficient of drgtrar pasture from 0.58 to 0.83, as well as theepr@ontent rate
of rice from 0.76 to 0.84. While, in comparison lwdifferent sun elevation, UVR improves of estirnataccuracy
under low sun elevation, which increases the imibgeof shadow. This study shows that the suggesttiod
achieves to reduce shadow influence of hypersfdetata, as well as UVR is effective for improvingtienation
accuracy for gramineous crop productivity.

1. INTRODUCTION

Remote sensing can be utilized as an efficient tndng system for food security and quality conbtrop (Asaka
and Shiga, 2003). However, enough precision ipnmtided in some cases (Akiyama et al., 2007). Ehizecause
observation range of multispectral sensor is nieduor information extraction of observed objed®ecently,

hyperspectral sensor with the high wavelength te®w and the continuous spectral observation tghisi being

utilized for remote sensing application. The anialysethod with generalization capability based @tinine learning
algorithm can produce high accuracy estimation rhadimg hyperspectral data (Odagawa et al., 20d@)vever,

high precision was not provided in some cases. $tidy suggests that influence of the shadow cabgeithe

topography and the object structure is the mairseaf low precision. In particular, gramineous cispgnore
susceptible to shadow due to the perpendiculactsirel of leaves. Previous studies attempt to egtitiee quality of
the object using vegetation index having the eféécthadow reduction (Asaka et al., 2006). To diuwere are still
few attempts to improve the estimation accuracydusyucing the shadow influence included in hyperspédata.
This study suggests the unit vectorized reflectgbbéR), which is one of the normalization. UVR igpected to
reduce the shadow influence included in hyperspkdata. This study attempts to show the generahtiéity of the

suggested method using two different gramineouss;nevhich are pasture and rice.

2. UNIT VECTORIZED REFLECTANCE

Unit vectorization was used to compare easily spatd of mass spectrometer (Alfassi, 2004). In rensansing
application, UVR was used to reduce the shadowémnite caused by topographic effect (Odagawa &H12). UVR
reduces volatility without relative spectral shajrange because UVR holds a numerical change fromtaeone.
UVR can be expressed as equation (1).
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Ruv; is UVR of band, Ra, andRay are ground surface reflectance of baadd band, mis the number of bands. Even
if reflectance in shadow changes by topographiectflUVR is able to restore the original spectrtimwever, in the
area under strong influence of scattering lighhwitavelength dependency, this method cannot retitereriginal
spectrum. This study supposes that crop field airldind is not subject to the influence of scatigfight.

3. METHOD
3.1 Field Survey

Study area of pasture is Motonopporo farm ownedrbiuno Gakuen University in Ebetsu, Hokkaido, remth
Japan (shown in figure 1). Timothy (TY), OrchardigrdOG), Reed Canarygrass (RCG) and weed of oxeye w
growing. Field survey conducted in the growing ghas 29 July to 1 August 2008. Forty-two samplenfsoivere set
up. Dominant grass species were visually confirmezhch point. Above-ground part in fifty squarati@eters was
taken for laboratory measurement of the dry maftsd.

Study area of rice is three commercially availdlgils in Sakata, Yamagata prefecture, north-egsad (shown in
figure 1). An area of field, which is shown as aitetiectangle in figure 1, is fifty meter in easest, one hundred
meter in north-south. Forty-eight sample pointsengst up in three fields. There are two rice catBy which are
“Haenuki” and “Koshihikari”. “Haenuki” is plantechiAR-3 and AR-5, “Koshihikari” in AR-4. Rice samglavere
taken for laboratory measurement in late SepterlB@B. Protein content rate of rice sample was nmedshy
GS-1000J manufactured by Shizuoka Seiki Co., Ltd.

.‘Stud'y area of pasture
= /Ebetsu, Hokkaido

':V’Study area of rice
Sakata, Yamagata
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Flgure 1. Study area of pasture (Ieft) and ricghf).



3.2 Airborne Hyper spectral Sensor Observation

Airborne hyperspectral sensor for pasture is CASM3ich is spectral range from 400 nm to 1060 nrih\&D nm
spectral interval. The number of bands is 68. &pediolution was 1.5 m. The imagery was acquitddz0AM on
30 July 2008 (Japan Standard Time). The weatheicigas and sunny.

Airborne hyperspectral sensor for rice is AISA, @his spectral range from 400 nm to 2450 nm witimBspectral
interval in visible-near infrared region and 11 spectral interval in short wavelength infrared oegiThe number of
band in visible-near infrared region is 68, in $sheavelength infrared region is 127. Spatial reoiuwas 1.5 m.
The imagery was acquired at 14:45PM on 8 Augus8Z08pan Standard Time). The weather was cleasamaly.

After wavelength calibration correcting the shifcenter wavelength (Odagawa et al., 2011), hystsal data was
converted to ground surface reflectance using agtiversc correction function FLAASH in the image arsid
software ENVI. The atmospheric model is Middle tusdie Summer, while the aerosol model is Rural.

3.3 Lasso Regression

This study used Lasso (Least Absolute Shrinkage Saldction Operator) regression for building theéngetion
model. Lasso regression is multiple regressionyaislvith regularization. Lasso selects the appat@band for the
estimation model (Tibshirani, 1996, Freedman e28l10). The decision criterion of Lasso can beessed equation

(2).
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N is the number of sample poinisjs objective variable which means the result efdfisurveyx is explanatory
variable, which is hyperspectral dalas regularization parametef ,is vector of regression coefficient for each band
andp(p) is sum of absolute value of regression coeffici€inst term is mean square error (MSE) of regoessi
second term is regularization.Afis very large, regression coefficients of all baeécome zero. In this case, any
regression model will not be constructgdB) increases with a small numberifthen the regression model is built.
Because some regression coefficients are givenlue veearning of regression coefficient in eachutagzation
parameter achieves to adopt adequately bands aificEnts. Previous studies used MSE for discramin this
study used the discriminant with Akaike InformatiGriteria (AIC). This reason is that AIC tends wild a simple
model which uses a few bands (Odagawa et al., 2Hi&)ple model facilitates interpretation betwedyjeot
characteristics and hyperspectral data.

Reflectance of sample point of pasture is averdigehy 5 pixel, rice is 3 by 3 pixel. UVR was cdiated from this
average reflectance. Validation method for pastaréhree folds cross validation, rice is Leave-@n#- cross
validation. At last, determination coefficient betswn predicted and measured value was acquiredsiLitig used the
package “glmnet” available in the statistical as#dysoftware “R” for Lasso regression (Freedmaal.e2010).

4. RESULTSAND DISCUSSION

Table 1 shows field survey for pasture. The nunahsample points for dominant species of TY, OG@ REG is 14,
12 and 12, respectively. The determination coeffits using reflectance and UVR are 0.32 and Oe$pgctively for
all points. The estimation model was not built. Haer, only TY model was built in the analysis otleapecies.
Figure 2 shows the predicted and measured valuEYfolrhe determination coefficients using reflecdamnd UVR
are 0.58 and 0.83, which shows that UVR improvéisnasion accuracy of pasture.

Table 2 shows field survey results for rice. Thetgin content rate for “Haenuki” ranges from 7.31t6 %, while for
“Koshihikari” ranges from 6.7 to 7.6 %. Figure 3os¥s the predicted and measured value of all poifite

determination coefficients of reflectance and UMBR @76 and 0.84, which shows that UVR also impestémation
accuracy of rice. The result does not depend odiffexence of rice cultivar. Taking into considéoa, the results of
the two different crops, our results show that UigRffective for improving estimation accuracy.



Table 1. Dry matter of pasture

Loc. No. TY ocC RCG Others  Total  Loc. No. TY ocC RCG Others  Total  Loc. No. TY ocC RCG Others  Total
1 0.00 38.13 0.00 8.00 46.13 15 0.00 101.87 0.00 0.00 101.87 29 0.00 0.00 60.93 0.00 60.93
2 0.00 22.41 0.00 1.00 23.41 16 89.39 0.00 0.00 0.00 89.39 30 19.00 0.00 0.00 3.00 22.00
3 0.00 0.00 0.00 33.00 33.00 17 83.87 0.00 0.00 4.00 87.87 31 0.00 0.00 45.39 1.00 46.39
4 0.00 2.00 25.00 1.00 28.00 18 0.00 0.00 88.71 1.00 89.71 32 27.02 0.00 0.00 19.00 46.02
5 0.00 0.00  65.34 1.00 66.34 19 0.00 47.36 0.00 4.00 51.36 33 0.00 0.00 96.72 2.00 98.72
6 0.00 0.00  30.69 0.00  30.69 20 2.00 63.20 0.00 0.00 65.20 34 0.00 0.00  19.00 8.00  27.00
7 19.00 0.00 0.00 0.00 19.00 21 18.00 0.00 0.00 4.00  22.00 35 56.71 0.00 2.00 1.00 59.71
8 27.95 0.00 0.00 3.00 30.95 22 0.00 0.00  56.52 0.00 56.52 36 54.58 0.00 0.00 0.00 54.58
9 0.00 3875 0.00 1.00  39.75 23 43.19 3.00 0.00 0.00 46.19 37 29.68 1.00 0.00 1.00 31.68
10 0.00 3298 0.00 1.00  33.98 24 41.80 0.00 0.00 2.00 43.80 38 23.00 0.00 0.00 43.09 66.09
11 2.00 29.94 0.00 1.00 32.94 25 1.00 73.04 0.00 2.00 76.04 39 1.00 0.00 48.35 8.00 57.35
12 0.00 39.96 0.00 0.00 39.96 26 0.00 32.00 0.00 0.00 32.00 40 76.46 0.00 0.00 4.00 80.46
13 0.00 0.00 43.82 2.00 45.82 27 0.00 0.00 104.97 0.00 104.97 41 5.00 64.94 0.00 1.00 70.94
14 0.00 0.00 48.65 2.00 50.65 28 27.22 0.00 0.00 0.00 27.22 42 41.20 0.00 0.00 0.00 41.20

Unit: g/0.25m?
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Figure 2. Correlation between predicted and medsuabkie of dry matter of TY.

Table 2. Protein content rate of rice

Loc. No. Protein (%) Loc. No. Protein (%) Loc. No. Protein (%)
"Haenuki" "Koshihikari" "Haenuki"
AR-3-01 7.9 AR-4-01 7.1 AR-5-01 7.8
AR-3-02 7.6 AR-4-02 7.2 AR-5-02 7.9
AR-3-03 7.5 AR-4-03 7.4 AR-5-03 8.1
AR-3-04 7.7 AR-4-04 7.2 AR-5-04 8.2
AR-3-05 7.9 AR-4-05 7.4 AR-5-05 8.1
AR-3-06 8 AR-4-06 7.6 AR-5-06 8.1
AR-3-07 7.9 AR-4-07 7.1 AR-5-07 7.7
AR-3-08 8.2 AR-4-08 7.2 AR-5-08 7.4
AR-3-09 7.9 AR-4-09 6.9 AR-5-09 7.7
AR-3-10 7.6 AR-4-10 7.2 AR-5-10 7.9
AR-3-11 7.5 AR-4-11 - AR-5-11 8
AR-3-12 7.8 AR-4-12 7.2 AR-5-12 8.6
AR-3-13 7.4 AR-4-13 6.7 AR-5-13 8.3
AR-3-14 7.5 AR-4-14 6.9 AR-5-14 7.7
AR-3-15 7.4 AR-4-15 6.8 AR-5-15 7.9

AR-3-16 7.2 AR-4-16 6.9 AR-5-16 7.3
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Figure 3. Correlation between predicted and medsuakie of protein content of rice observed under

low sun elevation (45 degree). The left is restieflectance, the right is UVR.

Another hyperspectral data for rice was measure@minigh sun elevation (60 degree). The imageryaggsired at
13:15PM on 8 August 2008. The influence of shadaas weduced under high sun elevation. Figure 4 shbs
predicted and measured value for rice protein ecdrweder high sun elevation. The determination ficeht of
reflectance and UVR are 0.76 and 0.72, which indsthat UVR cannot improve the estimation accutexder high
sun elevation. However, results under lower suvatien (45 degree) shows that UVR is more effedtivenproving
estimation accuracy using hyperspectral data imetuthe influence of shadow.
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Figure 4. Correlation between predicted and medsuakie of protein content of rice observed under
high sun elevation (60 degree). The left is restifeflectance, the right is UVR.

6. CONCLUSION

Unit vectorization achieved the improvement ofrastion accuracy for different crop species. Thiileshows that
UVR reduces the influence of shadow and is a viesatethod for improving better estimation accuraby
comparison with different sun elevation, UVR impegvof estimation accuracy under low sun elevatwmich
includes more influence of shadow. This result shefrat improvement by UVR increases under the émfte of
shadow. This result also indicates that UVR is siopéor satellite sensor observation with moretoaint condition.
Therefore, UVR is an effective and versatile metfaxdmproving estimation accuracy.
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