This article appeared in a journal published by Elsevier. The attached
copy is furnished to the author for internal non-commercial research
and education use, including for instruction at the authors institution
and sharing with colleagues.
Other uses, including reproduction and distribution, or selling or
licensing copies, or posting to personal, institutional or third party
websites are prohibited.
In most cases authors are permitted to post their version of the
article (e.g. in Word or Tex form) to their personal website or
institutional repository. Authors requiring further information
regarding Elsevier’s archiving and manuscript policies are
encouraged to visit:
http://www.elsevier.com/authorsrights

Author's personal copy

Agricultural Systems 123 (2014) 12–21

Contents lists available at ScienceDirect

Agricultural Systems
journal homepage: www.elsevier.com/locate/agsy

Site-speciﬁc, real-time temperatures improve the accuracy
of weed emergence predictions in direct-seeded rice systems
M.E. Lundy a,⇑, J.E. Hill a, C. van Kessel a, D.A. Owen a, R.M. Pedroso a, L.G. Boddy b, A.J. Fischer a,
B.A. Linquist a
a
b

Department of Plant Sciences, University of California, Mail Stop One, One Shields Ave., Davis, CA 95616, USA
Marrone Bio Innovations, 2121 Second Street, Ste. B-107, Davis, CA 95618, USA

a r t i c l e

i n f o

Article history:
Received 11 February 2013
Received in revised form 7 August 2013
Accepted 22 August 2013
Available online 11 October 2013
Keywords:
Thermal-unit driven weed emergence
models
Spatiotemporal variability
Decision support
Drill-seeded rice
Cyperus difformis
Echinochloa phyllopogon

a b s t r a c t
The efﬁcacy of crop management is highly sensitive to the timing of operations. This study tested the
hypothesis that using site-speciﬁc, real-time temperatures to predict weed emergence at the regional
scale can improve the timing of weed management in stale-seedbed and drill-seeded rice (Oryza sativa)
relative to the use of regional emergence averages that incorporate the spatiotemporal variability. First,
thermal models of emergence for smallﬂower umbrella sedge (Cyperus difformis) and watergrass (Echinochloa ssp.), two of the most problematic weeds in California’s direct-seeded rice system, were developed
from ﬁeld-scale observations made across 3 sites and 2 years. The models predicted smallﬂower umbrella
sedge and watergrass emergence in an independently collected dataset with accuracy [root mean square
error (RMSE) = 21% emergence and 1.3 d; model efﬁciency index (EF) = 0.80; and RMSE = 14% emergence
and 2.2 d; EF = 0.88, respectively]. Subsequently, in order to quantify the degree to which spatially and
temporally precise temperatures affect predicted emergence at the regional scale, the models were
applied to a daily regional temperature dataset precise to 2 km  2 km. For each species, the number
of days to emergence was simulated for 48 dates (April 15–June 1), 9 years (2003–2011), and 193 locations in the Sacramento Valley rice growing region (83,376 total emergence predictions per species). The
variability of the resulting emergence predictions due to the intra-annual, inter-annual and spatial heterogeneity of temperatures was measured with a linear model. Each of the spatiotemporal effects
affected the emergence predictions (P < 0.001), with the temporal effects (intra- and inter-annual variability) having the greatest impact on predicted emergence. In management terms, using site-speciﬁc,
real-time temperatures to predict weed emergence would have improved the timing of weed management by as much as 14 days for smallﬂower umbrella sedge and 12 days for watergrass when compared
to using regionally-speciﬁc averages that ignored spatiotemporal variability for the simulated period.
These results argue for further efforts to merge phenological models with spatiotemporally-speciﬁc environmental data in order to improve their accuracy when applied to real-time management decisions.
Ó 2013 Elsevier Ltd. All rights reserved.

1. Introduction
In any cropping system, the timing of weed control is crucial to
its efﬁcacy (Swanton and Murphy, 1996). Much effort has been
made to predict the timing of key developmental stages of weeds
as a means of maximizing the impact of management events aimed
at their control (Holst et al., 2007). Weed emergence is a key phenological event that is primarily explained by temperature and
moisture (Bradford, 2002; Grundy and Mead, 2000). Where water
is not limiting (e.g. irrigated cropping systems), accumulation of
temperatures within a weed’s physiologically relevant range (thermal time) can alone predict germination and early growth with
⇑ Corresponding author. Tel.: +1 530 754 5338.
E-mail address: melundy@ucdavis.edu (M.E. Lundy).
0308-521X/$ - see front matter Ó 2013 Elsevier Ltd. All rights reserved.
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accuracy (Grundy, 2003). With the growing availability of environmental data at ever-ﬁner spatial and temporal resolutions (Hart
et al., 2009; Hijmans et al., 2005), the potential exists to improve
the accuracy of phenological models applied at regional scales by
improving the precision of their input data (Kriticos and Leriche,
2010; Miller et al., 2004, 2007; Shaw, 2005). Therefore, as the driving variable in weed emergence models, the precision of the temperature input may affect the accuracy of an applied model as
much or more as the model parameterization itself.
Rice (Oryza sativa) is the most widely consumed staple food in
the world (Maclean et al., 2002), and weeds are the major biological constraint to its productivity (Ni et al., 2000). Weed control
represents a signiﬁcant portion of input costs and management
effort in rice cropping systems (Pandey et al., 1999). As a
semi-aquatic plant, rice has been transplanted and grown under
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ﬂooded conditions for millennia, primarily as a means of weed suppression (Rao et al., 2007). However, the diminishing availability of
water and labor, combined with improvements in herbicide and
mechanization technology are leading to an increase in directseeded rice systems across the world (Farooq et al., 2011). Because
weed and rice plants emerge in closer temporal proximity in direct-seeded than in transplanted systems, weed competition is
generally greater in direct-seeded rice (Hill et al., 1994). As a result,
weed control in direct-seeded rice systems is a research priority of
growing importance (Rao et al., 2007).
The approximately 200,000 ha of rice grown in California’s Sacramento Valley has long been direct-seeded. California rice has
among the highest number of herbicide resistant weed species in
the United States (Heap, 2012) due, in part, to a reliance on herbicides for weed control and soils that offer limited options in terms
of crop rotation (Hill et al., 1994; Pittelkow et al., 2012). As a response to the growing problem of herbicide resistant weeds
(Fischer et al., 2000; Osuna et al., 2002), the use of stale seedbed
and drill-seeded systems with intermittent early-season ﬂooding
has been investigated in recent years (Pittelkow et al., 2012). These
establishment systems attempt to diversify the weed recruitment
environment and herbicides used while also improving the timing
and efﬁcacy of herbicide applications, thereby reducing selection
pressure for herbicide resistance as well as reducing the overall
usage of herbicides (Fischer et al., 2009).
In both establishment systems, a moist, primarily aerobic seedbed rapidly recruits problematic weeds such as watergrass (Echinochloa phyllopogon and Echinochloa oryzoides) and smallﬂower
umbrella sedge (Cyperus difformis) (Pittelkow et al., 2012), which
are resistant to a broad range of herbicides and cause the most economic damage in the California rice system (Fischer et al., 2000;
Osuna et al., 2002). In the stale seedbed system, once maximum
weed emergence has been attained, a broad-spectrum herbicide
for which resistance has not yet evolved (such as glyphosate) is applied to the weed foliage. The ﬁeld is subsequently ﬂooded, and
rice is seeded aerially without further seedbed disturbance. A
post-emergence herbicide (such as propanil) can be used later to
control weeds that might escape the stale seedbed treatment.
The drill seeded system typically employs propanil and pendimethalin to control watergrass with multiple resistance. These
herbicides are usually mixed and applied to the non-ﬂooded seedbed after a critical growth threshold is reached and prior to the
permanent ﬂood (CRPW, 2011). Further management details for
these systems can be found in Pittelkow et al. (2012), Linquist
et al. (2008) and in Section 2 of this paper. Both systems have
shown promise as alternatives to the conventional establishment
systems in terms of weed control and rice yield (Pittelkow et al.,
2012).
Despite the promise of these systems, their efﬁcacy is sensitive
to the timing of herbicide applications. Also, in the case of the stale
seedbed, planting of rice must be delayed to allow for weed emergence and sufﬁcient foliage exposure to the herbicide application.
This affects rice variety choice and introduces late season risk of
low temperature induced spikelet sterility (blanking) if rice is
planted too late in the season (Board and Peterson, 1980). As a result, information on the timing of weed emergence and early
growth in alternative stand establishment systems is necessary
for farmers to be able to implement effective weed management.
Hart et al. (2009) combined surface measured climate variables
with remote sensed climate variables to interpolate maximum and
minimum air temperatures (among other variables) on a
2 km  2 km grid throughout California. Data are available on a
daily interval between 2003 and the present day (COMET, 2012).
Preliminary analysis of these interpolations indicated that temperature is relatively uniform across the Sacramento Valley rice
growing region for the majority of the growing season. However,
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early in the growing season [during the weed recruitment period
for alternative establishment systems (April 15–June 1)], the accumulation of thermal time may vary across space and time due to
orographically induced climate variation caused by the presence
of the Sutter Buttes (Wright et al., 2006) and the inter-annual variability of climate phenomena such as El Niño—Southern Oscillation (Dettinger et al., 2004). Further, the base temperature
(lowest temperature required for physiological activity) for smallﬂower umbrella sedge germination is greater than average nighttime lows during the period of interest, which is in contrast to
base temperature estimates for watergrass germination (Boddy
et al., 2012; Pedroso, 2012). As such, the spatial and temporal distribution of physiologically relevant temperatures may not be uniform among weed species.
This study employed a historical simulation to test the hypothesis that the use of site-speciﬁc, real-time temperatures to predict
rice weed emergence can improve the timing of weed management in stale-seedbed and drill-seeded systems relative to management decisions informed by average regional emergence over
the same period. The objectives of the study were threefold. The
ﬁrst was to develop and validate thermal-unit driven emergence
models for smallﬂower umbrella sedge and watergrass based on
ﬁeld-scale observations. The second objective was to apply these
models with a regional temperature data set accurate to
2 km  2 km (COMET, 2012) in order to predict emergence across
9 years of historical data. The ﬁnal objective was to quantify the
degree to which the intra-annual, inter-annual and spatial variability affected the simulated emergence in order to illustrate the value of using site-speciﬁc, real-time data to inform decision support
tools.

2. Methodology
2.1. Model development: data collection
In 2010 and 2011 emergence of smallﬂower umbrella sedge and
watergrass was observed in three rice ﬁelds where their presence
had been conﬁrmed the previous growing season. One of the ﬁelds
(location 1: 39°330 5100 N, 122°40 1400 W) was managed as a stale
seedbed, while the other two ﬁelds (location 2: 38°530 4300 N,
121°430 4300 W; and location 3: 39°000 3500 N, 121°420 2900 W) were
drill seeded ﬁelds (see Fig. 1). Fields were 8.1–11.2 ha in size.
The soils in two of the three ﬁelds were Mollisols (locations 1
and 3) and the other was a Vertisol (location 2).
Although overall crop management differs between stale seedbed and drill seeded ﬁelds in California rice, both management systems employ irrigation ﬂushes during the ﬁrst 2–4 weeks of the
growing season to encourage the rapid emergence of weeds, which
are then eliminated via post-emergence herbicide application. As a
result, water management during the period of observation was
similar between the three ﬁelds and resulted in a moist to nearsaturated soil surface during the periods of observation.
Following pre-season tillage [which included passes with a
chisel plow, disc, tri-planer, and soil roller (stale seedbed) or
drill-seeder], 4–8 main plots per ﬁeld were established in areas
of substantial weed infestation as reported by the growers. Main
plots were 5  10 m in size and were bisected lengthwise by an
elevated 6 m wooden plank that served as an observation platform
to prevent soil surface disturbance within the plot. Air temperature
(1.5 m above the soil surface) was recorded at the center of the
main plot at 15 min intervals via a shielded Onset Hobo U23 Pro
v2 External Temperature Data Logger. Soil temperature at 2 cm
depth was also recorded at the same interval with the same equipment in the center of the plot. Each main plot contained four
0.3 m  0.3 m subplots, situated at least 1 m apart and established
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Fig. 1. Image depicts the spatial variability of simulated days-to-emergence for selected start dates. The dates represent the species-speciﬁc maximum and minimum spatial
variability of emergence predictions for all start dates from April 15 to June 1 during the 2010 season. Emergence was simulated using Eq. (1), the parameters presented in
Table 1, and air temperatures interpolated on a 2 km  2 km grid for areas under rice cultivation in the Sacramento Valley (193 total locations). The sites where development
and validation of the emergence models occurred are also depicted.
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in areas that were representative of the main plot emergence on
the ﬁrst day that emergence was observed.
Emergence observations were made daily in 2011 and every 1–
2 days in 2010 beginning from the ﬁrst irrigation event (the ‘‘start
date’’) until no further increases in emergence had occurred for at
least 3 days. The number of seedlings in each subplot was counted
as soon as the seedlings were visually identiﬁable by species. Generally, this was the ﬁrst day of emergence for smallﬂower umbrella sedge (<0.5 cm in shoot height) and 1–2 days after initial
emergence (approximately 1 cm in shoot height) for watergrass.
Given their abundance, smallﬂower umbrella sedge seedlings
were not removed, but recounted, while watergrass seedlings
were removed after being counted. Daily subplot totals were recorded on an absolute basis and then calculated as a proportion
of the maximum (smallﬂower umbrella sedge) or total (watergrass) number of plants counted in the subplot during the entire
observation period. Proportional emergence for the main plot
was calculated as the mean of the proportional emergence for
the four subplots on a given day of observation. In one ﬁeld (location 1), observations were made in both 2010 and 2011, while in
locations 2 and 3 counts were made in 2010 and 2011, respectively. This resulted in a total of 4 site-year and 63 site-day observations per species.
A validation dataset was collected in 2010 at a site located 33–
62 km from the other ﬁelds (39°270 300 N, 121°430 900 W; see Fig. 1).
At this site, observations were made as described before but every
5–7 days in two basins (3.2 and 1.5 ha in size) with stating dates
2 weeks apart for a total of 5 site-day observations for smallﬂower
umbrella sedge and 8 site-day observations for watergrass.
2.2. Model development: statistical analysis
Using the ‘nlme’ package (Pinheiro et al., 2011) in R 2.11.1
(2010), a non-linear, mixed-effects model was ﬁt to proportional
emergence and base-temperature modiﬁed air temperature (thermal units) using the sigmoidal function:

E ¼ 1=ð1 þ exp½ðTU  TU50% Þ=Erate Þ

ð1Þ

where E = emergence; TU = cumulative thermal units; TU50% = cumulative thermal units at 50% emergence; and Erate = rate of
emergence (Eq. (1)), as in Chauhan and Johnson (2009b). Thermal
units (TU) were determined by subtracting a base-temperature
(BT) from the air temperature measurements (T) and summing
the results cumulatively over time (t, days):

TU ¼

n
X

max½ðT i  BTÞDti

ð2Þ

i

for Dti = 15 min and TU such that, if Ti < BT, (Ti  BT) = 0 (McMaster
and Wilhelm, 1997). Base temperatures were initialized at 17.5 °C
for smallﬂower umbrella sedge (Pedroso, 2012) and 9.3 °C for
watergrass (Boddy et al., 2012). The resulting TU accumulation
was matched to observed proportional emergence for each plot.
The ﬁxed parameters TU50% and Erate were ﬁt iteratively via maximum likelihood and an autoregressive correlation structure to account for the repeated nature of the measurements. The effects on
TU50% of site-year were designated as random. Subsequently, base
temperatures were incrementally modiﬁed 0.05 °C in both positive
and negative directions. The resulting models were iteratively compared for signiﬁcant differences using a 1 degree of freedom chisquared distribution test on the log-likelihood difference. A range
of base temperature values resulting in models that were not significantly different (P < 0.025) from the best ﬁt was determined. The
midpoint of this range was designated as the base temperature
and used to ﬁt a ﬁnal model for each weed species. Independently
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distributed errors and normality were assessed graphically via
Q–Q, residual–predicted, and lagged residual–residual plots.
Using spatially and temporally speciﬁc maximum and minimum daily air temperature interpolations accurate to 2 km  2 km
(Hart et al., 2009; COMET, 2012), thermal units were calculated
according to the double triangle method (Roltsch et al., 1999; Sevacherian et al., 1977) for the dates and location where the validation dataset was collected. The parameters from the
aforementioned models were combined with the spatiotemporally
speciﬁc thermal units to produce emergence predictions for comparison with the validation dataset. Subsequently, the root mean
square error (RMSE) and modeling efﬁciency index (EF) of the predicted versus observed values were calculated as in Loague and
Green (1991) such that a perfect model ﬁt would result in a
RMSE = 0 and an EF = 1.
2.3. Spatiotemporal simulation
Using the species-speciﬁc parameter results from the aforementioned thermal-unit-driven emergence models and the double triangle thermal unit calculation method (Roltsch et al., 1999;
Sevacherian et al., 1977), the number of days to emergence was
predicted for each location on a 2 km  2 km grid in the Sacramento Valley rice growing region. There were 193 location-speciﬁc
COMET (2012) air temperatures where rice was grown in the Sacramento Valley for all years from 2003 to 2011 (n = 9) and all dates
from April 15 to June 1 (n = 48). This totaled 83,376 spatiotemporally speciﬁc emergence predictions per species. The data was retrieved and manipulated with PHP. Predicted, proportional
emergence was rounded to 1 at 0.99, and the number of calendar
days that had elapsed between emergence = 0 (the ‘‘start date’’)
and emergence = 1 was designated as the ‘‘days-to-emergence’’
for each location-year-date combination.
Spatial variability was analyzed in the following manner. For
each location, a species-speciﬁc days-to-emergence prediction
(n = 193) was projected in NAD 1983—California Teale Albers,
interpolated via the inverse distance weighted method, and
clipped to represent only those areas where rice was grown in
2010 according to the California Department of Water Resources
(CDWR, 2012) using the ArcMAP10 version of ArcGIS mapping
software (ESRI, 2011). Visual color delineations were created by
calculating the number of predicted days-to-emergence between
the minimum and maximum values and grouping locations by
shade according to their distance from the minimum value in
1 day increments. The spatial lag distance (distance at which two
randomly selected points in the population are uncorrelated) and
the correlation structure of these data were determined visually
using variogram plots.
Spatial and temporal variability was further characterized statistically using the ‘lm’ function of the base package and the ‘lme’
function of the ‘nlme’ package (Pinheiro et al., 2011) in R 2.11.1
(2010). First, a simple linear model was ﬁt to the species-speciﬁc
simulation results by apportioning the variance of the spatiotemporally-speciﬁc days-to-emergence responses according to the
grouping factors ‘‘start date’’, ‘‘year’’ and ‘‘location’’ to account for
the intra-annual, inter-annual, and spatial variability, respectively.
After conﬁrming the signiﬁcance (P < 0.001) of the grouping factors
via one-way ANOVA, for each start date from April 15 to June 1, a
linear, mixed-effects model was ﬁt to the data such that the variance in days-to-emergence was explained by the ﬁxed effect of
‘‘location’’ and the random effect of ‘‘year.’’ The effect of location
incorporated a spherical correlation structure with a lag distance
initialized at 50 km based on the aforementioned variogram plots
of the mean spatial variability across all start dates and years. In
addition to the models ﬁt to each start date during the period of
interest, for each location, a mean days-to-emergence for all start
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Table 1
Parameter values and associated errors for mixed, non-linear regressions ﬁt, using the sigmoidal in Eq. (1), to observations of smallﬂower umbrella sedge (Cyperus difformis) and
watergrass (Echinochloa ssp.) emergence across 2 years and 3 sites in rice ﬁelds managed with early-season irrigation ﬂushes. TU50% = thermal time to 50% emergence; Erate = rate
of emergence; BT (°C) = base temperature. See Fig. 2 for graphical representation.
Smallﬂower umbrella sedge

Watergrass

Fixed effects
Parameter value ±
standard error
TU50%
Erate
BT (°C)

28.02 ± 3.85
0.67 ± 0.08
15.55

Random effects

Fixed effects

Random effects

95% Conﬁdence
interval

P-value

Standard deviation
(TU50%)

Parameter value ±
standard error

95% Conﬁdence
interval

P-value

Standard deviation (TU50%)

16.55–46.85
0.52–0.81
15.10–16.00

<0.001
<0.001
<0.05

Year
Site
Residual

TU50%
Erate
BT (°C)

82.09–135.95
14.63–19.65
8.50–9.25

<0.001
<0.001
<0.05

Year
Site
Residual

0.01
7.20
0.05

106.47 ± 6.91
17.14 ± 1.30
8.88

7.26
8.16
0.07

dates from April 15 to June 1 was calculated. These data were analyzed with the same mixed effect model as the individual start
dates (ﬁxed effect = spatially autocorrelated location; random effect = year) to determine the overall proportional variance attributable to location during the period of rice establishment.
Independently distributed errors and normality were assessed
graphically via Q–Q and residual–predicted plots.
3. Results
3.1. Temperature based emergence models
Although both soil and air temperatures were recorded at the
plot level, under the saturated but predominantly aerobic soil conditions which emergence observations were recorded, air temperatures provided a more consistent model ﬁt across experimental
units (data not shown) and were therefore used to ﬁt the emergence models. Smallﬂower umbrella sedge emerged more quickly
than watergrass, and its emergence was more variable. A base temperature range of 15.10–16.00 °C provided the best ﬁt of the sigmoidal (Eq. (1)) to observed smallﬂower umbrella sedge
emergence (Table 1). Meanwhile, a range of 8.50–9.25 °C resulted
in the best ﬁt for watergrass (Table 1). In addition to the higher
base temperature, smallﬂower umbrella sedge required fewer
cumulative thermal units to achieve 50% emergence
(TU50% = 28.02 ± 3.85) than watergrass (TU50% = 106.47 ± 6.91) and
exhibited a more rapid rate of emergence as well (Table 1;
Fig. 2). Additionally, the proportional variability of the year-speciﬁc site effect was greater for smallﬂower umbrella sedge than
for watergrass (standard deviation of TU50% = 7.20/28.02 and
8.16/106.47, respectively) (Table 1), which is, in part, a result of
the narrower thermal unit window (distance between the base
temperature and the daily high temperature) for smallﬂower umbrella sedge relative to watergrass. Lending conﬁdence to the
parameterization reported here, the modeled emergence for both
species largely agreed with the observed emergence in the independently collected validation dataset, resulting in RMSE values
of 21% emergence and 1.3 days and 14% emergence and 2.2 days,
and EF values of 0.80 and 0.88 for smallﬂower umbrella sedge
and watergrass, respectively (Table 2). It should be noted that a
second cohort of smallﬂower umbrella sedge was observed emerging later in the season after the permanent ﬂood, and this emergence is not captured by our model.
3.2. Multi-year, regional weed emergence simulation for the period of
rice establishment
When the models reported in Table 1 and Fig. 2 were applied to
the multi-year, multi-start date, and multi-location temperature
dataset, the spatial and temporal precision of the temperatures
greatly inﬂuenced the predictions. For both smallﬂower umbrella
sedge and watergrass, the simulated days-to-emergence were

Fig. 2. Observed and predicted emergence of smallﬂower umbrella sedge (Cyperus
difformis) and watergrass (Echinochloa ssp.) in rice ﬁelds with ﬂushed early-season
irrigation management. Observations represent site-day means from 4 site-year
combinations. Emergence was modeled using a mixed, non-linear model and the
sigmoidal in Eq. (1). See Table 1 for presentation of associated model parameters.

affected by intra-annual, inter-annual and spatial variability
according to a simple linear model of the effects (P < 0.001). Holding intra-annual variability constant, modeling inter-annual variability as a random effect, and accounting for spatial
autocorrelation also resulted in an effect of location on the number
of days to emergence (P < 0.001). Across all starting dates from
April 15 to June 1, the mean days-to-emergence among locations
ranged from 19.6 to 8.8 days and 31.9 to 20.4 days for smallﬂower
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Table 2
Observed and predicted percent emergence (%) for smallﬂower umbrella sedge (Cyperus difformis) and watergrass (Echinochloa ssp.). Observed data was collected independently
of model development (see Fig. 1 for locations). Predicted data was produced using the models presented in Fig. 2 and Table 1. RMSE = root mean square error; EF = model
efﬁciency index. A perfect model ﬁt would result in a RMSE = 0 and an EF = 1.
Cumulative thermal units

Observed emergence (%)

Predicted emergence (%)

95% Conﬁdence interval (%)

Observed days (d)

Predicted days (d)

Smallﬂower umbrella sedge
3.2
22.7
52.3
61.1
92.5

0
0
53
100
100

<1
<1
100
100
100

<1–<1
<1–95
7–100
100–100
100–100

3
11
7
18
12

3
11
4
18
12

0
0
58
70
80
100
100
100

<1
9
30
91
97
100
100
100

<1–3
3–21
10–62
62–99
82–100
99–100
99–100
100–100

3
11
7
18
12
17
26
21

3
6
9
17
10
17
26
21

RMSE = 21% emergence; 1.3 days
EF = 0.80
Watergrass
13.5
67.1
91.8
145.3
166.2
223.5
237.2
283.2
RMSE = 14% emergence; 2.2 days
EF = 0.88

umbrella sedge and watergrass, respectively (Fig. 3, Table 3). During this period, the effect of location resulted in a standard error in
the emergence prediction of 2.4–1.0 days for smallﬂower umbrella
sedge and 1.8–0.6 days for watergrass (Fig. 3, Table 3). Meanwhile,
the standard deviation for the random effect of year ranged from
6.8 to 2.7 days and 5.1 to 1.6 days for smallﬂower umbrella sedge
and watergrass, respectively (Fig. 3, Table 3). While days-to-emergence generally decreased with increasing temperatures between
April 15 and June 1 (Fig. 3), the large intra-annual temperature variability enabled exceptions to this trend (e.g., as illustrated in Fig. 4,
smallﬂower umbrella sedge required fewer days to emerge on
April 27, 2011 than on May 9, 2011).
Among location, start date and year, the temporal (intra- and
inter-annual) effects explained the greatest proportion of the variability (Fig. 3, Table 3). Nonetheless, the effect of location on the
number of days to emergence explained approximately 11% of
the modeled variability in smallﬂower umbrella sedge emergence
(F-value = 14.23(location)/129.23(intercept)) and 4.5% of the modeled variability in watergrass emergence (F-value = 21.01(location)/468.8(intercept)) across means of the entire period of rice
establishment for all years simulated. This spatial heterogeneity
of predictions varied intra-annually with the lag distance (distance
at which two randomly selected points in the population are
uncorrelated) averaging 60.8 km but ranging from 45.0 to
161.4 km for smallﬂower umbrella sedge and averaging 45.0 km
but ranging from 24.1 to 79.1 km for watergrass across the
125  70 km region of interest (Table 3).
In management terms, in the most extreme cases within the
years given in Figs. 1 and 4 (2010 and 2011), using site-speciﬁc,
real-time temperatures to predict emergence resulted in an
improvement in accuracy of 14 days for smallﬂower umbrella
sedge and 12 days for watergrass compared to applying the average emergence for the simulated period (Table 3).
4. Discussion
Although soil temperatures are what seeds experience and are
predominantly used to model weed emergence (Forcella et al.,
2000), the use of physiologically relevant air temperatures in the
empirical models reported here was effective in explaining large
portions of the variability (Fig. 2). If the cumulative thermal units
derived from both soil and air temperatures had not been as

closely correlated as they were in this experiment (data not
shown), air temperature might not be as appropriate an input variable. However, in this case, air-temperature driven models resulted in agreement with the independently collected validation
data (Table 2), further conﬁrming the general utility of the thermal
time approach to empirical weed emergence modeling (Bradford,
2002; Grundy and Mead, 2000; Leguizamon et al., 2005; Masin
et al., 2010).
A wide range of base temperatures (6.5–13.85 °C) has been reported for early development of Echinochloa ssp. (Gardarin et al.,
2009; Masin et al., 2010; Steinmaus et al., 2000; Swanton et al.,
2000; Wiese and Binning, 1987). However, only recently have base
temperature ranges been estimated for smallﬂower umbrella
sedge and watergrass germination that are speciﬁc to the biotypes
of California’s rice growing region (Boddy et al., 2012; Pedroso,
2012). Using these recent germination estimates to initiate the
model ﬁtting procedure narrowed the maximum likelihood region
(Lindstrom and Bates, 1990) and resulted in base temperature
ranges for the ﬁeld observations of both smallﬂower umbrella
sedge and watergrass emergence (Table 1) that agreed with the
base temperatures for germination developed at the laboratory
scale by Boddy et al. (2012) and Pedroso (2012). This agreement
may be due to the fact that the ‘‘emergence’’ observed in this study
was primarily comprised of the germination events modeled by
Boddy et al. (2012) and Pedroso (2012) plus a small degree of early
growth. Nevertheless, emergence is governed by a complex set of
environmental interactions, which are best understood via more
comprehensive experimental methodologies than those employed
here (see Boddy et al., 2012).
While the results reported here conﬁrm that temperature is a
determining environmental variable for weed emergence, large
portions of the variability are unexplained by temperature alone
(see 95% conﬁdence intervals in Table 1 and Fig. 2). Osmotic potential has also been widely shown to inﬂuence seed germination
(Bradford, 2002; Forcella et al., 2000), including for smallﬂower
umbrella sedge (Chauhan and Johnson, 2009a,b; Pedroso, 2012)
and Echinochloa ssp. (Boddy et al., 2012; Boyd and van Acker,
2004). Soil moisture and osmotic potential were not measured in
the ﬁelds or accounted for in the models reported here. They were,
however, controlled to a certain extent by selecting ﬁelds for
observation where early-season water was managed similarly
(periodic ﬂushes to ensure moist but predominantly aerobic
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Fig. 3. Simulated days-to-emergence for each start date from April 15 to June 1 and
the associated error due to the effects of location and year for smallﬂower umbrella
sedge (Cyperus difformis) and watergrass (Echinochloa ssp.). Data includes 9 years
(2003–2011) of temperature data precise to 2 km  2 km in locations where rice is
grown in the Sacramento Valley (193 total locations). Simulated values in are
summarized in Table 3.

conditions). Nevertheless, it is likely that portions of the unexplained variability in these emergence models are due to differences in osmotic conditions between sites and years. Finally, it
should be mentioned that a single-parameter, temperature-based
model developed under a narrow set of management circumstances must be cautiously applied in non-analogous situations
(e.g. a continuously ﬂooded ﬁeld).
The relative differences in emergence parameters between the
two weeds are indicative of their distinct competitive strategies

and help to explain differences in the proportional variability between the two species. Smallﬂower umbrella sedge can complete
its vegetative and reproductive stages in roughly one third of the
time required by rice (Chauhan and Johnson, 2009a); meanwhile
the phenology of watergrass from emergence to heading closely
mimics that of the rice plant (Yamasue, 2001). The rapid life-cycle
and narrower range between its base temperature and the daily
maximum temperatures would tend to exacerbate temperaturerelated variability in smallﬂower umbrella sedge emergence. In
contrast, the slower rate of watergrass development and larger
range between its base temperature and daily maximum temperatures would provide a larger temporal interval over which to integrate temperature-related variability relative to smallﬂower
umbrella sedge. Indeed, such differential effects of temperature-related variability between the two species are demonstrated by the
greater proportional variability observed for the time to 50% emergence (Fig. 2, Table 1) and the year-speciﬁc effect of site for smallﬂower umbrella sedge (Table 1). The simulation results, which held
the error from the emergence models constant and only considered
the variable effects of temperature over space and time, illustrate
this difference in absolute terms (number of days) as well. Both
the means and the maxima of the ranges of variability due to the
effects of year and the location were greater for smallﬂower umbrella sedge than for watergrass (Fig. 3, Table 3). Additionally,
the lag distance (Table 3) and the absolute difference between predicted days-to-emergence (e.g. Figs. 1 and 4) were more variable
for the simulated smallﬂower umbrella sedge emergence relative
to watergrass.
Interspeciﬁc differences aside, the simulations demonstrate
that spatiotemporally precise temperature inputs greatly affect
weed emergence predictions at the regional scale. Between the
earliest and latest starting dates considered, based solely on changing the intra-annual starting date from April 15 to June 1, the 9year average regional emergence predictions changed by as much
as 10.8 and 11.5 days for smallﬂower umbrella sedge and watergrass, respectively (Fig. 3, Table 3). In addition, during this same
period of interest, the standard deviation for the inter-annual variability was as high as 6.8 and 5.1 days (Fig. 3, Table 3). Although
the spatial variability was small in proportion to the temporal variability, it was highly signiﬁcant nonetheless (P < 0.001), with the
standard error for the effect of location as high as 2.4 and 1.8 days
(Fig. 3, Table 3) across all years. Furthermore, the lag distance estimates indicated that, on average, emergence predictions were improved by spatially explicit temperatures when locations were at
least 61 and 45 km apart for smallﬂower umbrella sedge and
watergrass, respectively (Table 3). Due to the size of the dataset,
it was not computationally possible (due to memory limitations)
to test for an interaction between spatial and temporal effects directly. However, the wide range of lag distances during the periods
of interest (Table 3), the changing magnitude of the effect of location across the intra-annual simulation period (Fig. 3), and the
changing spatial distribution of emergence predictions at various
points in time (Figs. 1 and 4) indicate a possible interaction.

Table 3
Summary of simulated days (d) to emergence for each start date from April 15 to June 1 and the associated error due to the effects of location and year for smallﬂower umbrella
sedge (Cyperus difformis) and watergrass (Echinochloa ssp.) as modeled via linear mixed effects models. Data includes 9 years (2003–2011) of temperature data precise to
2 km  2 km in locations where rice is grown in the Sacramento Valley (193 total locations). See Fig. 3 for graphical representation of simulation data.
Effect

Start date (intercept)
Location (standard error)
Year (standard deviation)
Lag distancea
a

Smallﬂower umbrella sedge

Watergrass

Range

Mean

Range

Mean

19.56–8.77 d
2.41–0.96 d
6.82–2.69 d
45–161.4 km

13.04 d
1.73 d
4.89 d
60.8 km

31.89–20.44 d
1.81–0.58 d
5.11–1.60 d
24.1–79.1 km

25.0 d
1.37 d
3.9 d
45.0 km

Distance at which two randomly selected points in the population are uncorrelated.
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Fig. 4. Image depicts the spatial variability of simulated days-to-emergence for selected start dates. The dates represent the species-speciﬁc maximum and minimum spatial
variability of emergence predictions for all start dates from April 15 to June 1 during the 2011 season. Emergence was simulated using Eq. (1), the parameters presented in
Table 1, and air temperatures interpolated on a 2 km  2 km grid for areas under rice cultivation in the Sacramento Valley (193 total locations).
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The simulation results are, to a degree, intuitively obvious: a
temperature-bound process will clearly vary in warmer or cooler
regions, years, or parts of the growing season. What is less obvious
is how greatly the processes can vary within the spatiotemporal
scales reported here. In practical terms, each effect modeled from
the simulation results (location, year and start date) inﬂuenced
the predicted days-to-emergence by days on its own (Fig. 3, Table 3), and, in extreme cases, by weeks when combined (Figs. 1
and 4). Compared to using a species-speciﬁc average emergence
to guide weed management recommendations for this region and
period of interest, management that is informed by site-speciﬁc,
real-time temperatures used to predict weed emergence would
be better timed. For weed management strategies that depend on
precision timing for weed control, such improvements could
greatly inﬂuence the utility of decision support tools and, by extension, the success or failure of a weed control strategy.
For example, a rice grower trying to optimize the timing of
smallﬂower umbrella sedge control in the coolest part of the Sacramento Valley would have had to wait 12 days for emergence if
ﬂushing began on May 2, 2011, 17 days if ﬂushing began 1 day later, and 29 days if it began 1 week later. A year earlier, the same
grower would have seen emergence occur in 15, 16 and 22 days
on the same starting dates. Meanwhile, a grower in the warmest
part of the valley would have seen smallﬂower umbrella sedge
emergence in 11, 11 and 21 days on those same dates in 2011. Further, if the original grower had used the 9-year regional average
(13 days; Table 3) to anticipate smallﬂower umbrella sedge emergence, s/he would have been more than a week off in 2 of the 6 instances. In contrast to the general trend toward warmer
temperatures and faster emergence as the season progresses
(Fig. 3), in this example the slower emergence occurred later in
the season. This somewhat counterintuitive result demonstrates
that, because emergence is a thermally, not temporally, regulated
process, where temperatures are heterogeneous, emergence will
more become more predictable if the source of variability is explicitly incorporated into the predictive tool. Thus, recommendations
based on average emergence that ignore spatiotemporal variability
will result in management timing that could be easily improved
upon by recommendations that are informed by site-speciﬁc,
real-time data.
5. Conclusion
Characterizing heterogeneity across temporal and spatial scales
is a fundamental problem of ecology (Levin, 1992) and agronomic
weed management (Shaw, 2005). The results presented here are a
quantitative illustration of the degree to which spatiotemporally
precise inputs can improve the accuracy of even a simple phenological model. Farmers using stale-seedbed and drill-seeded rice
establishment systems to recruit weeds would improve the timing
and efﬁcacy of their herbicide applications by predicting weed
emergence via site-speciﬁc, real-time temperatures. Further efforts
are needed to merge site-speciﬁc environmental data with weed
emergence and other phenological models in order to produce
decision support tools that are both more accurate and more
immediately applicable to individual farmers and land managers.
Acknowledgements
Thanks to the Department of Plant Sciences, University of California, Davis, for the graduate student research fellowship (M.E.L.),
as well as to the California Rice Research Board and the Western
Sustainable Agriculture Research and Education (WSARE) program
for their ﬁnancial support of this research. We appreciate the contribution of these individuals in assisting us with collecting and

accessing the data used in this study: Quinn Hart, Justin Merz,
and Cesar Abrenilla.

References
Board, J.E., Peterson, M.L., 1980. Management decisions can reduce blanking in rice.
Calif. Agr. 34, 5–7.
Boddy, L.G., Bradford, K.J., Fischer, A.J., 2012. Population-based threshold models
describe weed germination and emergence patterns across varying
temperature, moisture and oxygen conditions. J. Appl. Ecol. 49, 1225–1236.
Boyd, N., Van Acker, R., 2004. Seed germination of common weed species as affected
by oxygen concentration, light, and osmotic potential. Weed Sci. 52, 589–596.
Bradford, K.J., 2002. Applications of hydrothermal time to quantifying and modeling
seed germination and dormancy. Weed Sci. 50, 248–260.
California Department of Water Resources, 2012. <http://www.water.ca.gov/
landwateruse/lwudatacoll.cfm> (accessed 02.28.12).
California
Rice
Production
Workshop
(CRPW),
2011.
<http://
www.plantsciences.ucdavis.edu/uccerice/rice_production_workshop/
rice_prod_workshop.htm> (accessed 08.22.12) (Chapter 9).
Chauhan, B.S., Johnson, D.E., 2009a. Ecological studies on Cyperus difformis, Cyperus
iria and Fimbristylis miliacea: three troublesome annual sedge weeds of rice.
Ann. Appl. Biol. 155, 103–112.
Chauhan, B.S., Johnson, D.E., 2009b. Germination ecology of spiny (Amaranthus
spinosus) and slender amaranth (A. viridis): troublesome weeds of direct-seeded
rice. Weed Sci. 57, 379–385.
COast to Mountain Environmental Transect (COMET), 2012. <http://
comet.ucdavis.edu/> (accessed 08.22.12).
Dettinger, M., Redmond, K., Cayan, D., 2004. Winter orographic precipitation ratios
in the Sierra Nevada: large-scale atmospheric circulations and hydrologic
consequences. J. Hydrometeorol. 5, 1102–1116.
Environmental Systems Research Institute, 2011. ArcGIS Desktop: Release 10.
Redlands, CA.
Farooq, M., Siddique, K.H.M., Rehman, H., Aziz, T., Lee, D.-J., Wahid, A., 2011. Rice
direct seeding: experiences, challenges and opportunities. Soil Till. Res. 111, 87–
98.
Fischer, A.J., Ateh, C.M., Bayer, D.E., Hill, J.E., 2000. Herbicide-resistant Echinochloa
oryzoides and E. phyllopogon in California Oryza sativa ﬁelds. Weed Sci. 48, 225–
230.
Fischer, A.J., Linquist, B., Moechnig, M., Mutters, R., Hill, J.E., Greer, C., Espino, L.,
Milan, M., Eckert, J.W., 2009. Alternative rice stand establishment systems to
manage herbicide resistant weeds. In: Proc. Annu. Meet. Weed Sci. Soc. USA, No.
538.
Forcella, F., Arnold, R.L.B., Sanchez, R., Ghersa, C.M., 2000. Modeling seedling
emergence. Field Crop. Res. 67, 123–139.
Gardarin, A., Duerr, C., Colbach, N., 2009. Which model species for weed seedbank
and emergence studies? A review. Weed Res. 49, 117–130.
Grundy, A.C., 2003. Predicting weed emergence: a review of approaches and future
challenges. Weed Res. 43, 1–11.
Grundy, A.C., Mead, A., 2000. Modeling weed emergence as a function of
meteorological records. Weed Sci. 48, 594–603.
Hart, Q.J., Brugnach, M., Temesgen, B., Rueda, C., Ustin, S.L., Frame, K., 2009. Daily
reference evapotranspiration for California using satellite imagery and weather
station measurement interpolation. Civ. Eng. Environ. Syst. 26, 19–33.
Heap, I., 2012. The International Survey of Herbicide Resistant Weeds.
<www.weedscience.com> (accessed 07.20.12).
Hijmans, R.J., Cameron, S.E., Parra, J.L., Jones, P.G., Jarvis, A., 2005. Very high
resolution interpolated climate surfaces for global land areas. Int. J. Climatol. 25,
1965–1978.
Hill, J.E., Smith, R.J., Bayer, D.E., 1994. Rice weed-control – current technology and
emerging issues in temperate rice. Aust. J. Exp. Agr. 34, 1021–1029.
Holst, N., Rasmussen, I.A., Bastiaans, L., 2007. Field weed population dynamics: a
review of model approaches and applications. Weed Res. 47, 1–14.
Kriticos, D.J., Leriche, A., 2010. The effects of climate data precision on ﬁtting and
projecting species niche models. Ecography 33, 115–127.
Leguizamon, E.S., Fernandez-Quintanilla, C., Barroso, J., Gonzalez-Andujar, J.L., 2005.
Using thermal and hydrothermal time to model seedling emergence of Avena
sterilis ssp. ludoviciana in Spain. Weed Res. 45, 149–156.
Levin, S.A., 1992. The problem of pattern and scale in ecology. Ecology 73, 1943–
1967.
Lindstrom, M.J., Bates, D.M., 1990. Nonlinear mixed effects models for repeated
measures data. Biometrics 46, 673–687.
Linquist, B.A., Fischer, A.J., Godfrey, L., Greer, C., Hill, J.E., Kofﬂer, K., Moeching, M.,
Mutters, R., van Kessel, C., 2008. Minimum tillage could beneﬁt California rice
farmers. Calif. Agric. 62, 24–29.
Loague, K., Green, R.E., 1991. Statistical and graphical methods for evaluating solute
transport models overview and application. J. Contam. Hydrol. 7, 51–73.
Maclean, J.L., Dawe, D.C., Hardy, B., Hettel, G.P., 2002. Rice Almanac, third ed.
International Rice Research Institute (IRRI), Los Baños, Philippines, 253pp (vii).
Masin, R., Loddo, D., Benvenuti, S., Zuin, M.C., Macchia, M., Zanin, G., 2010.
Temperature and water potential as parameters for modeling weed emergence
in central-northern Italy. Weed Sci. 58, 216–222.
McMaster, G.S., Wilhelm, W.W., 1997. Growing degree-days: one equation, two
interpretations. Agric. For. Meteorol. 87, 291–300.

Author's personal copy

M.E. Lundy et al. / Agricultural Systems 123 (2014) 12–21
Miller, J.R., Turner, M.G., Smithwick, E.A.H., Dent, C.L., Stanley, E.H., 2004. Spatial
extrapolation: the science of predicting ecological patterns and processes.
Bioscience 54, 310–320.
Miller, J., Franklin, J., Aspinall, R., 2007. Incorporating spatial dependence in
predictive vegetation models. Ecol. Model. 202, 225–242.
Ni, H., Moody, K., Robles, R.P., Paller, E.C., Lales, J.S., 2000. Oryza sativa plant traits
conferring competitive ability against weeds. Weed Sci. 48.
Osuna, M.D., Vidotto, F., Fischer, A.J., Bayer, D.E., De Prado, R., Ferrero, A., 2002.
Cross-resistance to bispyribac-sodium and bensulfuron-methyl in Echinochloa
phyllopogon and Cyperus difformis. Pestic. Biochem. Phys. 73, 9–17.
Pandey, S., Velasco, L., 1999. Economics of direct seeding in Asia: patterns of
adoption and research priorities. In: International Rice Research Notes No. 24.2/
1999. IRRI, Los Banos, Philippines, pp. 6-11.
Pedroso, R.M., 2012. Modeling Germination and Emergence of Smallﬂower
Umbrella Sedge (Cyperus difformis L.) Resistant and Susceptible to ALSinhibiting Herbicides. M.S. Thesis, University of California, Davis.
Pinheiro, J., Bates, D., DebRoy, S., Sarkar, D., the R Development Core Team, 2011.
nlme: Linear and Nonlinear Mixed Effects Models. R package version 3.1-98.
Pittelkow, C.M., Fischer, A.J., Moechnig, M.J., Hill, J.E., Kofﬂer, K.B., Mutters, R.G.,
Greer, C.A., Cho, Y.S., van Kessel, C., Linquist, B.A., 2012. Agronomic productivity
and nitrogen requirements of alternative tillage and crop establishment
systems for improved weed control in direct-seeded rice. Field Crop. Res. 130,
128–137.
R Development Core Team, 2010. R: A Language and Environment for Statistical
Computing. R Foundation for Statistical Computing, Vienna, Austria. ISBN: 3900051-07-0. <http://www.R-project.org>.

21

Rao, A.N., Johnson, D.E., Sivaprasad, B., Ladha, J.K., Mortimer, A.M., 2007. Weed
management in direct-seeded rice. Adv. Agron. 93, 153–255.
Roltsch, W.J., Zalom, F.G., Strawn, A.J., Strand, J.F., Pitcairn, M.J., 1999. Evaluation of
several degree-day estimation methods in California climates. Int. J.
Biometeorol. 42, 169–176.
Sevacherian, V., Stern, V.M., Mueller, A.J., 1977. Heat accumulation for timing Lygus
(Hemiptera-(Heteroptera)-Miridae) control measures in a safﬂower-cotton
complex. J. Econ. Entomol. 70.
Shaw, D.R., 2005. Translation of remote sensing data into weed management
decisions. Weed Sci. 53, 264–273.
Steinmaus, S.J., Prather, T.S., Holt, J.S., 2000. Estimation of base temperatures for
nine weed species. J. Exp. Bot. 51, 275–286.
Swanton, C.J., Murphy, S.D., 1996. Weed science beyond the weeds: the role of
integrated weed management (IWM) in agroecosystem health. Weed Sci. 44,
437–445.
Swanton, C.J., Huang, J.Z., Shrestha, A., Tollenaar, M., Deen, W., Rahimian, H., 2000.
Effects of temperature and photoperiod on the phenological development of
barnyardgrass. Agron. J. 92, 1125–1134.
Wiese, A.M., Binning, L.K., 1987. Calculating the threshold temperature of
development for weeds. Weed Sci. 35, 177–179.
Wright, S.A., Lemenager, D.A., Tucker, J.R., Armijos, M.V., Yamamoto, S.A., 2006. An
avian contribution to the presence of Ixodes paciﬁcus (Acari: Ixodidae) and
Borrelia burgdorferi on the Sutter Buttes of California. J. Med. Entomol. 43, 368–
374.
Yamasue, Y., 2001. Strategy of Echinochloa oryzicola Vasing. for survival in ﬂooded
rice. Weed Biol. Manage. 1, 28–36.

