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Abstract Identification and characterization of yield limiting factors based on multi-year
yield maps is important for delineating field management zones. Multi-year yield maps
were derived from satellite images of a paddy-rice (Oryza sativa L.) study site with a
conventional two-cropping system in central Taiwan. Spatiotemporal yield-trend maps
with consistently high, average and low yields, and inconsistent yield areas were delineated
based on temporal variation and the means of the normalized yields on a per pixel basis.
Soil and plant samples were collected and grouped for statistical analysis based on the
derived yield-trend maps. Comparison of soil properties and rice yield components among
yield classes indicated that differences in leaching loss of basal and top-dressed N fertil-
izers were the likely limiting factor affecting the spatial variation of yield within the study
site.
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M Consistent-average

RED Red

N Nitrogen

NDVI Normalized difference vegetation index
NIR Near infrared

p-value Statistical significance

SSCM Site-specific soil and crop management
SD Standard deviation

SPOT Satellite Pour 1’Observation de la Terre
SY Standardized yield

v Inconsistent

Introduction

Site-specific soil and crop management (SSCM), also known as precision agriculture, is a
farming system that considers spatial and temporal variability in soil properties and crop
productivity (Mulla and Schepers 1997). This farming system is expected to improve the
efficiency and efficacy of fertilizers, which in turn may reduce environmental pollution due
to excessive fertilizer application (Powers et al. 2000; Cassman et al. 2002; Ferguson et al.
2002; Hong et al. 2006). The concept of SSCM promotes the delineation of management
zones, i.e., subfield regions that are similar based on certain quantitative measures and the
application of appropriate management practices.

Various information sources have been used to delineate SSCM management zones,
e.g., soil survey maps (Steinwand et al. 1996), soil zones based on topography (Franzen
et al. 2000),yield maps created by yield monitors (Birrell et al. 1993), bulk soil apparent
electrical conductivity (Fraisse et al. 2001; Franzen and Nanna 2002; Kitchen et al. 2003;
Schepers et al. 2004), soil survey boundaries modified by aerial photos (Carr et al. 1991),
and the management experiences of a producer in combination with aerial photographs
(Fleming et al. 2000, 2004). However, crop yields are affected by a complex combination
of dynamic interactions between biotic, soil and climatic factors. The temporal instability
of delineated management zones is problematic when characterizing yield-soil relation-
ships and making management decisions (Jaynes and Colvin 1997; Machado et al. 2002;
Fraisse et al. 2001).

Several researchers have suggested that the production of multi-year yield maps may be
essential for optimized site-specific crop management decision making (Pierce et al. 1997;
McBratney et al. 2000; Tiffany et al. 2000; Cox and Gerard 2007). The number of years of
data that are required to represent the range of possible yield outcomes for each crop grown
on a field is unique and dependent on stochastic interactions of the crop, climate, soil and
landscape (Lamb et al. 1997; Dobermann et al. 2003; Schepers et al. 2004; Boydell and
McBratney 2002). However, multi-year yield maps may not be available for many fields,
which imposes a practical limitation on the application of SSCM.

Remote sensing has long been recognized as a useful tool for acquiring crop information
(Frazier et al. 1997; Hatfield et al. 2008). Leaf pigments, particularly chlorophyll, absorb
mainly the blue and red portions of incoming solar energy spectrum, which can result in
very low canopy reflectance in the visible region (Blackmer et al. 1996; Hansen and
Schjoerring 2003). Increased reflectance in the near infrared (NIR) region is related to
increased crop biomass and leaf area index (LAI) (Guyot 1990; Broge and Leblanc 2000;
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Thenkabail et al. 2000; Thenkabail 2002). Thus, changes in the canopy reflectance spec-
trum in the visible and near infrared regions should be associated with crop yield (Wiegand
et al. 1994; Aparicio et al. 2000). A rice yield forecasting model was proposed by Chang
et al. (2005) and modified by Wang et al. (2010), which used ratios of reflectance in the
NIR band to the red band (NIR/RED) and the NIR band to the green band (NIR/GRN) to
estimate the effects of LAI and N status of plants, respectively. The model has been used
successfully to estimate rice yields at the field scale based on surface reflectance data
retrieved from SPOT (Satellite Pour 1’Observation de la Terre) multispectral images
(Wang et al. 2010). Therefore, the huge database of available satellite images could be a
valuable source of information for producing proxy yield maps that can be used to
delineate management zones.

The excessive application of fertilizers by farmers has already produced serious envi-
ronmental pollution problems in Taiwan. As a pilot SSCM study for paddy-rice, the major
cultivated crop in Taiwan, the objectives of this study were to characterize the spatial
variability in paddy-rice vigor using satellite images as a proxy for a yield map and then
use plant and soil sample data to postulate cause-and-effect relationships so that spatial
management practices could be implemented.

Materials and methods
Site description

The selected paddy-rice site was located in central Taiwan (24°18'40"” N, 120°38'30" E)
and was bounded by the Tachai River with a terrace measuring about 50 m in height. The
site contained 435 fields and covered an area of ~100 ha with an average field size of
~0.2 ha (Fig. 1). This site was originally part of the Tachai River. After the completion of
a protective embankment in 1985, soil was brought in from a nearby area and mixed with
river sand before paddy-rice production commenced. The soils in this experimental site
were classified as Fluvaquentic Dystrochrept with a coarse texture and very shallow depth
(generally <0.4 m).

Paddy-rice (Oryza sativa L.), semi-dwarf japonica type cultivars Taikeng 8, Taikeng
11 and Taikeng 16 were grown at the site during the study period (2006-2009). These
cultivars all have stable and high yielding traits, although they differ in their suscepti-
bility to plant diseases. A conventional two-season cropping system was practiced at the
site. Transplantation generally began in early February and again in late July, with
harvesting in late June and late November of the first and the second crop season,
respectively.

Fields were generally prepared and flooded seven days before transplantation. Flood-
water depth of 0.05-0.1 m was maintained for about 50 days during the first crop season
(40 days in the second crop season) before draining and followed by intermittent irrigation
(1-2 days flooding at a depth of about 0.01-0.02 m every 2 weeks) until maturity. The
average fertilizer application rates by farmers per crop season were 206 kg N ha™',
101 kg P,0s5 ha™!, and 95 kg K,0 ha™!, which far exceeded local recommendations for
sandy soils (i.e., 140 kg N ha~!, 40 kg P,Os ha~!, and 40 kg K,O ha™!). Insects, dis-
eases, and weeds were controlled by regularly spraying pesticides throughout the growth
period to avoid yield loss. The apparent over-application of fertilizers is a potential source
of pollution that could affect the ecology of the downstream Tachai River estuary.
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Fig. 1 Schematic diagram, using Universal Transverse Mercator (UTM) coordinates, indicating the field
borders and plant and soil sampling positions within the study site. A Google Earth image is also attached to
aid the understanding of the illustration and the environment

Table 1 Imaging conditions for SPOT images used in this study and atmospheric settings for surface
reflectance retrieval by FLAASH

Dates Sensors Imaging angles (°) Atmospheric settings
Incidence Orientation Aerosol model Visibility (km)

2006/09/24 SPOT4 —11.0 12.6 Urban 18
2007/05/07 SPOT4 —13.8 8.8 Maritime 17
2007/09/30 SPOT4 —25.1 8.1 Maritime 11
2008/04/26 SPOT2 —14.1 8.9 Maritime 15
2008/10/12 SPOT4 29.2 11.3 Maritime 20
2009/05/04 SPOT4 —14.1 8.8 Rural 15

Yield map retrieval from satellite images

Six Level-3 SPOT images obtained between panicle initiation and the heading stages in
each crop season were purchased from the Center for Space and Remote Sensing Research,
National Central University, Taiwan (Table 1). Atmospheric correction of these images
was conducted using FLAASH (Fast Line-of-sight Atmospheric Analysis of Spectral
Hypercubes, Version 4.1, ITT Visual Information Solutions, Boulder, CO, USA) as
described by Wang et al. (2010).

@ Springer



Precision Agric (2012) 13:553-567 557

Rice yields during the first and second crop season were estimated in each year on a per
pixel basis (20 x 20 m) using the models described by Wang et al. (2010) for the retrieved
surface reflectance in the GRN, RED and NIR bands.

IeropY (tha™') = 1.96(NIR/GRN) — 0.658(NIR/RED) — 1.50 (1a)
2McropY (t ha™') = 1.96(NIR/GRN) — 0.729(NIR/RED) — 1.64 (1b)

The NIR/GRN ratio represents the plant N sufficiency, which is driven by the chloro-
phyll content and the LAI, whereas the NIR/RED ratio relates mainly to the LAI (Hatfield
et al. 2008). Grain yield should be closely related to net photosynthesis, so the yield
estimate by Eq. (1) should increase with increasing NIR/GRN (accounting for gross
photosynthesis) whereas it should decrease as NIR/RED (accounting for respiration loss)
increased. Two sets of coefficients were required because of the reversal of the temperature
and solar radiation environments in the first (from February to June) and second (from July
to November) rice crop seasons in Taiwan. These relationships were applicable over a
yield range of 2-12 t ha™".

Figure 2 illustrates the distribution of normalized difference vegetation index (NDVI)
values for each pixel within the study site. Based on ~400 paddy-rice canopy reflectance
measurements which covered a wide yield range, Wang et al. (2010) indicated that NDVI
values should be >0.79 for paddy fields at booting stages. Therefore, pixels that had NDVI
values <0.79 were discarded because they might have been severely compromised by
clouds, roads, set-aside fields and fields planted with other crops. The borders of each
paddy field were <0.2 m wide, which was relatively smaller compared with the width
(=20 m) of each field, and they were generally obscured by the plant canopy after the
maximum tillering stage. Thus, field borders would be expected to have little impact on
canopy reflectance from the paddy canopy.

Yield classification and management zone delineation
The historical yield maps that were generated from the retrieved satellite images were then

subjected to spatial and temporal trend analysis, as described by Blackmore (2000). To
compare yield patterns across years and seasons, yield data of each location (y;) were first

Fig. 2 Cumulative frequencies 100 [
of pixel NDVI values within the 3 _;_ 3882711
study site for each year and croj oo
seaSZn y P gl ——w- 20071
[ —gems 2008/1
—-&— 2008/11
—=0—-= 2009/1

60 [

40 L

Cumulative Frequency (%)

20/f

@ Springer



558 Precision Agric (2012) 13:553-567

normalized (SY;) by the average yield of all locations for each year and crop season (y)
using Eq. (2).

SYi=(i/y) (2)

Not all paddy-rice pixels had yield data available for all six crop seasons because of
cloud cover and some fields were either planted with other crops or set-aside. Therefore,
only pixels that had a complete yield dataset (i.e., six yield datasets) were considered as
effective pixels and used in further analysis. For each effective pixel, the six normalized
yield values were then averaged to create a mean normalized yield. The yield temporal
variability for each pixel was determined by the coefficient of variation (CV). Pixels with a
CV > 30 % were considered to be highly variable and classified as inconsistent
(V) (Wollenhaupt et al. 1997). Since the normalized yield values of each particular year/
season had a bell-shaped distribution, we further divided those consistent pixels
(CV < 30 %) into three yield classes based on the standard deviation (SD = 0.13) of all
the normalized yield values. Thus, pixels with normalized yield values >1.13 were con-
sidered consistently high (H), values >0.87 and <1.13 were considered consistently
average (M), and values <0.87 were considered consistently low (L). Using this classifi-
cation, the majority of pixels were classified into the M class, but there were sufficient H
and L class pixels (~ 15 % each) for further statistical analysis.

Soil sampling and analysis

To relate the soil chemical and physical properties to yield classes, a total of 98 soil
samples were collected after harvesting the second crop during 2007 and 2008 (Fig. 1).
Fifty samples were initially collected in 2007 based on the yield classification map derived
from a satellite image of the second crop season in 2006. An additional 48 samples were
added in 2008 based on the updated yield classification maps from satellite images
acquired in 2006-2008. The sampling locations were then spatially joined to the corre-
sponding SY data, where we used the SY; data with the center point closest to the soil
sampling point to represent the yield at that sampling point. Of the 98 soil sampling
positions, 79 were classified as consistent in the yield classification.

Each soil sample (0-0.15 m) consisted of three subsamples collected from a 5-m radius
around the sampling point. Soil samples were air dried and grounded to pass through a
2-mm sieve. Soil pH and EC (electrical conductivity) were determined with a 1:1 soil
water ratio, texture using the hydrometer method, total C and N using the dry combustion
method and available P, K, Ca, Mg, Fe were extracted using the Mehlich No. 3 method
(Klute 1986; Sparks 1996). Descriptive statistics for the analyzed soil properties are listed
in Table 2.

Plant sampling and analysis

Plant data were collected during each crop season from 2007 at 50 selected sample sites
where soil samples had also been taken (Fig. 1). At about 60 days after transplantation,
chlorophyll meter readings were acquired at each sampling location using a Minolta
SPAD-502 chlorophyll meter (Minolta Camera Co. Ltd., Osaka, Japan). Measurements
were taken on the youngest collared leaf, midway between the stalk and the tip, and
midway between the midrib and leaf margin (Balasubramanian et al. 2000). The chloro-
phyll meter readings acquired at each location were the averages of 5 hills (bundles of
tillers that originated from transplanted seedlings).
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Table 2 Descriptive statistics for the soil properties in the study site

Statistics  Sand  Clay  pH EC C N P K Ca Mg Fe
% mSm~' % mg kg~

Mean 66.1 134 5.0 7.5 1.52 017 545 704 625 206 655

SD 6.7 39 0.3 4.7 030 003 355 417 216 47 154

Minimum  53.9 6.8 42 2.0 0.83 0.09 7.4 27.7 257 104 311

Lower 60.0 9.9 4.8 4.3 1.35 0.15 276 475 500 172 558
quartile

Median 65.2 13.1 5.0 6.0 .52 017 475 574 608 210 645

Upper 71.9 15.8 52 8.7 1.73 0.19 574 777 705 230 762
quartile

Maximum 819  23.1 56 225 232 023 181.8 3035 1,795 364 1,121

Skewness 0.38 0.31 003 1.74 021 -0.25 0.97 334 239 030 049

Kurtosis —-0.61 —-0.38 —-0.08 3.00 —0.17 —-0.35 074 145 109 044 037

Rice grain yields were the product of the plant’s yield components: (1) the number of
panicles (or effective tillers) per given area, (2) the number of spikelets (or grains) per
panicle, (3) the fertility rate (percentage of filled grains) and (4) the weight of each grain
(usually expressed as 1000-grain weight) (Yoshida 1981). Generally, an indication of the
cause of problems during the season can often be determined from the yield components.
At harvest, the number of panicles per hill, spikelets per panicle, fertilizer rate, and 1000-
grain weight were determined from 5 hills of rice plants that were randomly selected and
hand-harvested from each sampling location. The spikelet aerial density (spikelets m~?)
and grain yield (t ha™') were calculated using Egs. (3) and (4).

spikelet aerial density = panicles per hill x spikelets per panicle x planting density
(3)
grain yield = A X spikelet aerialdensity x fertility rate x 1000-grain weight  (4)

where A is the unit conversion factor from grams per square meter to tones per hectare.

To facilitate the identification of differences in the growth and yield components, the
collected yield data were also divided into three classes based on the SD of the yield data
for each year/crop season. Values within 0.7SD units on either side of the mean were
considered average. Values more than 0.7SD units below and above the mean were in the
low and high classes, respectively. The criterion of 0.7SD was selected to ensure that the
high and low yield classes represented the upper and lower quartiles of the yield data,
respectively. Otherwise, the number of data in the high and low yield classes would have
been too small because the spread of yield data was concentrated around the mean.

Statistical analysis

Descriptive statistics of yield and soil data were calculated using the Descriptive module in
STATISTICA (StatSoft, Inc., Tulsa, OK, USA). Correlations of yield data between dif-
ferent year/crop seasons were calculated using the Correlation matrices modules in
STATISTICA. Duncan’s mean separation test was used to relate soil properties to changes
in the yield classification from the first crop season to the second crop season, and to
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determine any significant differences in chlorophyll meter readings and yield components
between yield classes in each year/crop season using the Breakdown and one-way ANOVA
module of STATISTICA.

Results and discussion
Temporal changes in yields

During the study period, the median grain yield values ranged from 5.3 t ha~' in 2008 to
6.5 t ha=! in 2007 for the first crop season, and from 4.2 t ha™' in 2007 to 5.4 t ha—' in
2008 for the second crop season (Fig. 3). The averaged grain yields of the first and the
second crop season were 5.9 t ha~' and 5.0 t ha™"', respectively. Yield differences between
the two crop seasons are common in Taiwan because the climatic conditions are different
in the first and second crop season (Hsieh and Liu 1979).

Yearly climatic conditions at the study site varied during the study period (Fig. 4). Air
temperatures in the early growth stages (February) of the first crop season in 2008 were
lower than the 4-year means, whereas solar irradiances during the period from trans-
plantation to heading (August to early October) of the second crop season in 2007 were
lower than the 4-year means due to more rainy days. These may have resulted in a lower
than normal yield for the first crop season in 2008 and the second crop season in 2007
(Fig. 3).

Link et al. (2006) considered that a Pearson’s correlation coefficient higher than 0.5
between crop seasons represented a high temporal stability yield pattern. Of the 1 681
pixels that had a consistent yield trend with data available for all six crop seasons, the
correlation analysis indicated that correlations were low (<0.3 in most cases) between any
particular pair of year/crop season combinations (Table 3). However, the correlations
between a particular year/crop season with the averages of the other 5 year/crop seasons

g LY

0 1 1 1 1 L L
2006/ 20071 200711 20081 200811 2009/

Year / Season

Yield (thal)

Fig. 3 Box-and-whisker plots of estimated yields for the 6-year/crop season at the study site. The caps at
the end of each box indicate the extreme values (minimum and maximum), the box is defined by the lower
and upper quartiles, while the line in the center of the box is the median. The length of the box indicates the
interquartile range
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Fig. 4 Changes in the 10-day (a) 3
a averaged air temperature and
b accumulated solar irradiance O 30
from 2006 to 2009 at the study ~
site. The means for 2006-2009 g
g 2
are also plotted s
Q
=%
g 20
=
-
215
10
(b)2s0
~
Q@
g 200
_
2
o 150
o
g
g 100
=
E 5
[}
]
0 1 L L L 1 1 1 L L 1 1 1
1/1 5N 9/1 171

Date

Table 3 Pearson correlation coefficients among the estimated yield of individual year/crop season (I: first
crop season, II: second crop season), the averages of the first (Iavg) and the second (Ilavg) crop season, and
the overall average (I 4+ Ilavg)

Year/season 2006/11 20071 2007/11 2008/1 2008/11 2009/1
2007/1 0.28

2007/11 0.23 0.26

2008/1 0.25 0.42 0.18

2008/11 0.09 0.03 0.17 0.10

2009/1 0.22 0.35 0.30 0.28 0.29

lavg* 0.33 0.49 0.33 0.44 0.17 0.38
Iavg® 0.21 0.26 0.27 0.26 0.16 0.40

I + IMavg* 0.35 0.45 0.37 0.41 0.20 0.48

* Averages were computed by leaving out the correlated individual year/season

were better (0.35-0.48 in most cases). Little improvement in the correlation coefficients
was observed when they were correlated with the averages of the corresponding crop
season, particularly in the second crop season. These results suggested that the overall
averaged normalized yield value was a better reference indicator of yield for each pixel.

The low correlations between yield map data for successive seasons did not necessarily
indicate low intrinsic variation because the expression of limiting effects depended on
factors such as weather and crop growth conditions that could differ between seasons.
Consequently, yield map interpretation efforts have focused on identifying generalized
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zones of low, average and high yield using the mean normalized yield value as the basis of
yield classification.

Spatiotemporal distribution of the mean normalized yield

Of the 1 803 effective yield cells, 13.4 % were classified as consistently high, 65.2 % were
classified as consistently average, 14.6 % were classified as consistently low, and 6.8 %
were classified as inconsistent. The spatiotemporal yield map based on the mean nor-
malized yield is shown in Fig. 5. To evaluate the temporal stability of the derived spa-
tiotemporal yield map, statistics of the yield class changes from the derived spatiotemporal
yield map for each crop season were compiled, as shown in Table 4. In most cases, over
half of the pixels retained the same yield classification in a different year/season for each
yield class. Downgrades from class H and upgrades from class L were generally within one
level. Only several pixels (<15 out of 1 681 in most cases) had yield class changes greater
than one level. Therefore, the derived spatiotemporal yield map may be considered to be
temporally stable.

Questionnaires to local farmers within the study site revealed that management prac-
tices, such as planting date, irrigation, fertilization rate and timing were all very similar
(data not shown) and there was no apparent occurrence of plant diseases due to regular pest
and disease controls. Therefore, indigenous soil factors should be the main factors con-
tributing to the spatiotemporal distribution observed.

Soil differences among yield classes

Duncan’s mean separation tests were used to determine if differences existed in the soil
properties among yield classes. Results indicated that consistently low yielding areas had a
significantly lower EC and available-K content when compared with consistently high
yielding areas (Table 5). Other analyzed soil properties were not significantly different
among yield classes. All fields experienced similar management practices for a long

Yield classification
B Consistent High
@ Consistent Average
[l Consistent Low
M Inconsistent

Fig. 5 Spatiotemporal yield trend map for the study site. Uncolored pixels were either severely
contaminated by nearby non-paddy rice pixels or planted with other crops at least once in a crop season
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Table 4 Percentage distribution of yield classes changes (YCC) from the derived spatiotemporal yield map
for each yield class and individual year/crop season (I: first crop season; II: second crop season)

YCC? Year/season

2006/11 2007/1 2007/11 2008/1 2008/11 2009/1

HH 61.2 (161) 70.7 (186) 49.0 (129) 58.2 (153) 46.8 (123) 65.8 (173)
HM 30.4 (80) 25.1 (66) 46.4 (122) 37.6 (99) 43.0 (113) 32.3 (85)
HL 8.4 (22) 4.2 (11) 4.6 (12) 42 (11) 102 27) 1.9 (5)
MM 44.2 (520) 46.9 (551) 60.0 (705) 52.6 (618) 49.0 (577) 54.2 (637)
MH 28.8 (339) 25.4 (299) 20.9 (246) 23.1 272) 25.8 (303) 24.0 (282)
ML 27.0 317) 27.7 (326) 19.1 (225) 24.3 (286) 25.2 (296) 21.8 (257)
LL 74.4 (180) 75.6 (183) 67.4 (163) 70.7 (171) 58.3 (141) 70.3 (170)
LM 23.5 (57) 23.2 (56) 31.4 (76) 27.7 (67) 37.6 (91) 28.9 (70)
LH 2.1 (5) 1.2 (3) 1.2 (3) 1.6 3) 4.1 (10) 0.8 (2)

Values shown in parentheses are the numbers of pixels

? The first letter represents the yield class in the derived spatiotemporal yield map; the second letter
represents the yield class in each corresponding year/season

Table 5 Duncan’s mean separation test (p < 0.07) for soil properties among yield classes (H: consistent-
high, M: consistent-average, L: consistent-low)

Yield Sample Sand Clay pH EC C N P K Ca Mg Fe
class  number % mSm~' % mg kg ™!

H 15 636 145 49 90a 1.62 0.18 742 894a 744a 192 657
M 51 665 129 50 7.5ab 1.54 0.17 497 672ab 599b 208 674
L 13 668 136 50 60b 146 0.17 440 614b 632ab 203 604

period, so changes in the magnitude of EC values might be an indication of the hetero-
geneity of leaching loss within the study site.

Drought stress should not have occurred because of frequent irrigation. The soil pH
values were neither basic nor very different among yield classes, whereas the EC values
were significantly lower in consistently low yielding areas. The soils in the study site were
very shallow and coarse in texture, so we suspected that leaching loss might be the
dominant factor contributing to the observed spatial distribution of the mean standardized
yield.

Yield component analysis

Duncan’s mean separation tests were conducted to identify differences in yield components
and chlorophyll meter readings among yield classes (Table 6). The results indicated that
yield classes significantly aligned with aerial spikelet density during the year and crop
season studied. High yield locations had a higher aerial spikelet density. The alignments of
yield classes with fertility rate and 1000-grain weight were not as apparent as the aerial
spikelet density. However, the low yielding locations generally had a lower fertility rates
and 1000-grain weights.

The amount of N uptake at different growth stages strongly affected the formation of the
respective yield components (De Datta 1981; Mae 1997). The N absorbed during the
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Table 6 Duncan’s mean separation test (p < 0.05) for chlorophyll meter readings (SPAD value) at the
tillering stage and the analyzed yield components among yield classes in the corresponding year/crop season
(I: first crop season; II: second crop season)

Yield class SPAD value Spikelet density Fertility rate 1000-grain weight Grain yield
-2

m % g tha™!

2007/1

High 40.1 44141a 92.9a 23.8a 9.7a

Average 39.7 32000b 90.2ab 22.8a 6.5b

Low 39.1 23719c 88.3b 20.9b 4.3c
2007/11

High 38.1 35569a 80.5 24.4a 6.9a

Average 39.5 28334b 76.5 22.3b 4.7b

Low 39.1 19681c 73.6 20.8b 2.9¢c
2008/1

High 40.5 44931a 94.0a 21.8 9.1a

Average 39.0 32166b 91.8ab 20.9 6.3b

Low 40.6 27203c 88.0b 19.8 4.6c
2008/11

High 38.5 29441a 92.2a 23.0a 6.2a

Average 38.2 21401b 92.6a 22.1a 4.3b

Low 389 19695b 87.5b 18.6b 3.2¢c
2009/1

High NA* 46805a 87.4 23.2a 9.3a

Average NA* 40530b 88.2 20.6b 7.2b

Low NA?* 28539¢ 82.9 21.4a 4.9¢c

? Data not available

vegetative stage (from transplanting to tillering) promotes early growth of plants and
increases the number of tillers. The amount of N absorbed during the early phase of panicle
formation (from panicle primordial initiation to spikelet initiation) contributes to the dif-
ferentiation of branches and spikelets. The N absorbed during the late phase of panicle
formation increases the hull size and percentage of filled grains by decreasing the number
of degenerated spikelet, and contributes to grain filling by increasing specific leaf weight
and N content in leaves. During the grain filling stage, N uptake is still required for the
maintenance of the photosynthetic capacity and the promotion of carbohydrate accumu-
lation in grains, which in turn affects the 1000-grain weight.

Other than nitrogen, incident solar radiation and temperature may also affect the grain
yield, particularly during the reproductive and ripening stages (Yoshida and Parao 1976;
De Datta 1981). However, the possibility of an uneven distribution of incident solar
radiation and temperature could be excluded given the small size of the study site and the
lack of any apparent clustering of yield classes. Therefore, an inadequate N supply may be
the main cause of low yield.

However, N fertilizers were applied excessively in the study area (206 kg N ha™' vs.
the local recommendation of 140 kg N ha™"), with about 1/4 applied as a basal treatment at
the field preparation stage and the remaining 3/4 applied as a top dressing in three or five
portions between transplanting and heading. Chlorophyll meter readings taken shortly
before heading were higher than 37 in all yield classes, which is a critical value for N
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deficiency in rice plants according to Balasubramanian et al. (2000) and Singh et al.
(2002). It follows that there were no significant differences in chlorophyll meter readings
among yield classes (Table 6). No measurements were made of the leaching rates and
soluble soil N content during the early season. However, judging from the different soil
properties among the yield classes, as discussed above, we suspect that a significant
amount of pre-planting applied N may have been lost through leaching, leading to
insufficient N for the development of more tillers during the vegetative growth stage in the
low yielding areas. The differentiation of branches and spikelets might also have been
affected during the early phase of panicle formation. Therefore, the aerial spikelet density
was less in the low yielding areas. The frequent top dressing of N fertilizers before heading
explained why N deficiencies were not detected by the chlorophyll meter. Only slight and
inconsistent differences in 1000-grain weight values were observed between the yield
classes.

Conclusion

Satellite-based yield estimates revealed year/crop season differences for paddy-rice grown
at the study site in Taiwan. Remotely sensed yield classes helped to determine the
appropriate locations for soil and plant sampling. The systematic approach developed in
this study might potentially be applied to the identification and characterization of yield
limiting factors in other paddy-rice growing areas, because the requisite year/crop season
yield maps can be retrieved from historical satellite images.

Reduced grain yield in low-yielding areas is attributed to apparent early-season leaching
loss of the basal N fertilizer application, which then significantly reduced the aerial spikelet
density. However, more direct and statistically significant evidence, such as the early
season leaching loss of applied N fertilizers, is still required to validate our hypothesis.
Given that the in-season N application rates were somewhat higher than the local rec-
ommendations, we suggest reducing the amount of basal N applied because it could be lost,
but applying the first top dressing shortly after transplantation to encourage panicle and
spikelet development. Application of slow release forms of N fertilizers should be con-
sidered to reduce the potential contamination of downstream water resources.
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