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Technical Note

Number of Samples Required for Estimating Herbaceous Biomass
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Abstract

Although the precision of herbaceous biomass estimation depends on the sample number, the spatial heterogeneity of the
biomass, and sampling procedures, the magnitudes of the influences on the precision have not been clarified. We simulated
virtual plant communities based on the gamma distribution to clarify the relationships between the precision of estimating
herbaceous biomass and the number of samples, sampling density, spatial heterogeneity of the biomass, and sampling
procedures. Using only two parameters, the gamma distribution can approximate the frequency distribution of herbage mass
with varying heterogeneity. Our simulations demonstrated that the number of samples is a more influential factor than sampling
density on the precision of the herbaceous biomass estimation. Moreover, our simulations confirmed that biomass heterogeneity
strongly affected the precision and quantified the magnitude of the influence. When we estimated biomass with random
sampling and a 50 X 50 cm quadrat and accepted estimation error of = 10% of the mean for a confidence interval of 95%, the
numbers of samples needed were 200, 77, and 9 for very, intermediate, and less heterogeneous grasslands, respectively.
Similarly, when we estimated biomass with a ranked set sampling (RSS), then 24, 15, and 4 samples were needed in very,
intermediate and less heterogeneous grasslands, respectively. We came to two conclusions: 1) In less heterogeneous grasslands,
good precision of estimation can be obtained with a small number of samples, and it is useful to employ RSS. The cutting
method, as well as nondestructive methods, will be practical; and 2) estimation for heterogeneous grassland requires a large
number of samples, and it is not so useful to employ RSS. For that reason, more research is needed on nondestructive methods.

Resumen

Aunque la precision de la estimacion de la biomasa herbacea depende de nimero de muestras, la heterogeneidad espacial de la
biomasa y los procedimientos de muestro, su magnitud de influencia sobre la precisién no ha sido clarificada. Simulamos
comunidades vegetales virtuales en base a la distribucién gama para clarificar las relaciones entre la precision de la estimacion
de la biomasa herbacea y el ntimero de muestras, densidad de muestreo, heterogeneidad espacial de la biomasa y los
procedimientos de muestreo. Usando solo dos parametros, la distribucion gama puede aproximar la distribucion de frecuencia
de la biomasa herbacea con una heterogeneidad variable. Nuestras simulaciones demostraron que el nimero de muestras influye
mas en la precision de la estimacion de la biomasa herbdcea que la densidad de muestreo. Mds aun, nuestras simulaciones
confirmaron que la heterogeneidad de la biomasa afecta fuertemente la precision y cuantificé la magnitud de la influencia.
Cuando estimamos la biomasa con un muestro aleatorio usando un cuadrante de 50 X 50 cm y una error de = 10% de la media
para establecer un intervalo de confianza al 95%, los tamafios de muestras necesitados fueron 200, 77, y 9 para pastizales con
heterogeneidad alta, intermedia y baja respectivamente. Cuando estimamos la biomasa con el muestreo de grupos clasificados
(RSS), entonces se necesitaron 24, 15, y 4 muestras para la heterogeneidad alta, intermedia y baja del pastizal. Concluimos que:
1) en pastizales menos heterogéneos, se puede obtener una buena precision con un pequefio numero de muestras y fue util
emplear el RSS, el método de corte, asi como métodos no destructivos, serfan practicos; y 2) la estimacion en pastizales
heterogéneos requiere de un gran nimero de muestras y no es tan util emplear el RSS. Por esa razén se necesita mas
investigacion en los métodos no destructivos.
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INTRODUCTION

Plant biomass measurement is a fundamental procedure for
grassland management and grassland field studies. The pre-
cision of herbaceous biomass estimation depends not only on
the sample number (Iwasaki 1976), but also on the spatial
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heterogeneity of the biomass (Iwasaki 1976) and sampling
procedures (Cobby et al. 1985). Sampling density was also
inferred to affect the precision of biomass estimation (Kayama
1961). However, the magnitudes of the influences of the sample
number, the spatial heterogeneity of the biomass, sampling
procedures, and sampling density on the precision have not
been clarified. Field experiments examining a number of
grasslands with different conditions are necessary to clarify
this problem; however, such experiments are only marginally
practical. Consequently use of a computer simulation is an
appropriate method for resolving the issue.
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Grassland vegetation shows spatial heterogeneity (Clarke et
al. 1995; Cid and Brizuela 1998; Tsutsumi et al. 2000). Spatial
heterogeneity in grassland vegetation might be generated and
maintained through the activities of grazing animals, herbage
plants, and soil microbes and their interactions (Bullock 1996;
Hirata 2000; Ogura et al. 2002). Several studies have proposed
models for describing spatial heterogeneity in grassland plant
communities (Remington et al. 1992, 1994; Shiyomi et al.
2000; Barthram et al. 2005). Shiyomi et al. (1983, 1984)
demonstrated that the frequency distribution of herbage mass
with varying heterogeneity could be approximated using the
gamma distribution, a statistical model composed of two
parameters (see also Shiyomi et al. 1998; Tsutsumi et al. 2002).
The gamma model is rather simple, thereby easing the
evaluation of parameters. The Weibull distribution can
approximate biomass heterogeneity (Remington et al. 1992,
1994) as well as the gamma distribution; however, it requires
three parameters, and estimation of the parameters is more
difficult.

There are many procedures for selecting a sampling area,
which can be roughly classified into two types, i.e., systematic
and random sampling. Systematic sampling is easier to carry
out in the field than random, while the values obtained by
systematic sampling are likely to be less accurate than those
from random (Greig-Smith 1983). On the other hand, McIntyre
(1952) has proposed another procedure, ranked set sampling
(RSS). The RSS procedure is as follows: 1) randomly select sets
of n quadrats, 2) nondestructively rank the quadrats based on
the biomass within each set of 7 quadrats, and 3) for the first
set conduct sampling in the highest ranked quadrat, for the
second set conduct sampling in the second highest ranked
quadrat, and so on, until in the nth set the nth ranked quadrat
is sampled. Cobby et al. (1985) reported that use of RSS
increased the precision of estimating biomass compared to
random sampling from the results of field experiments on grass
and grass-clover swards.

We simulated virtual plant communities based on the gamma
distribution to clarify the relationships between the precision
of estimating herbaceous biomass and number of samples,
sampling density, spatial heterogeneity of the biomass, and
sampling procedures. Based on those simulations, we can
present the theoretically required number of samples for precise
estimation under different conditions.

METHODS
Gamma Model

The gamma distribution is given by the following equation for
w=0 and u, p>0:

fw) =

wh=1pP —pw
Ty ° ( p ) .

In this equation w denotes the biomass per unit area
(quadrat), u is the mean of biomass per quadrat, p is an
index representing the spatial heterogeneity (shape of
frequency distribution) of biomass over the grassland, and
I'(p) is a gamma function of p (Shiyomi et al. 1983, 1998).
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Here let o2 be the variance among quadrats,

p="1 2]

The parameter p is equivalent to the reciprocal of the square
of coefficient of variation. As p increases, spatial heteroge-
neity of the biomass decreases (Shiyomi et al. 1983). The p
can be easily approximated with non- or less destructive
survey methods proposed by Shiyomi (1991), Itano et al.
(2006), and Tsutsumi and Itano (2005). The methods of
Shiyomi (1991) and Itano et al. (2006) are carried out by
visual observation, and Tsutsumi and Itano’s (2005) method
uses some nondestructive measure of herbage biomass such
as an electronic capacitance probe. In actual data observed
on grazed pastures with a 50 X 50 cm quadrat, p takes
a value of about 1-30 (Shiyomi et al. 1984, 1998; Tsutsumi
et al. 2000, 2002; Hirata et al. 2002; Ogura et al. 2002). In
a well-managed mowed pasture, p will be rather high.
Examples of applying the gamma, the normal and the
lognormal distributions to observed frequency distribution
of herbage biomass are shown in Figure 1.

Though many studies may implicitly assume that samples
follow a normal distribution, we can not apply normal
distribution to herbage biomass in grassland. In a less
heterogeneous grassland (p takes a high value), the biomass
can be approximated with the normal distribution (which can
be considered as a shape of the gamma distribution) as shown
in Figure 1A, while in a highly heterogeneous grassland the
frequency distribution of the biomass displays a “long tail” as
shown in Figure 1B. If we assume that samples follow the
normal distribution, we will have to accept that some samples
take negative values (see Fig. 1B), particularly on high
heterogeneity of the biomass, because of the symmetrical shape
of the normal distribution. On the other hand, a lognormal
distribution also could approximate the biomass heterogeneity
in the case of Figure 1. However, the gamma distribution has
more biological meaning than the lognormal distribution
(Shiyomi et al. 1983).

Simulations Using Virtual Communities

According to the assumption that the gamma model describes
biomass heterogeneity, biomass was estimated for each of three
small (2500 m?) and three large (12 500 m?) virtual pastures.
We created six virtual communities as follows. Three sets of
10000 (for small areas) and three sets of 50000 (for large
areas) gamma random numbers were generated. We designated
each set as a virtual community, and each number as the
biomass within a given 50 X 50 cm quadrat in the community.
For the six communities, the average biomass per quadrat
(u) was 50 g DM; p was set to 2, 5, and 50 for each of the two
levels of areas (Fig. 2). We assumed p =2, 5, and 50 for very
heterogeneous grassland, intermediate heterogeneous grass-
land, and less heterogeneous grassland, respectively, on a scale
of 0.25 m”.

In the six virtual communities, we conducted simulations to
estimate biomass with different sampling procedures and
numbers of samples. The sampling procedures were random
sampling and RSS. Each simulation was iterated 1000 times
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Figure 1. Examples of observed frequency distribution of herbage
biomass and application of the normal, lognormal, and gamma
distributions in (A) less heterogeneous and (B) more heterogeneous
grasslands. Bar, solid line, dotted line, and broken line indicate observed
frequency distribution, normal distribution, lognormal distribution, and
gamma distribution, respectively. The parameter values and goodness-
of-fit of the three distributions are as follows: A, u=77.6, p=17.84;
goodness-of-fit of the normal, lognormal, and gamma distributions are
P=0.56 (Shapilo-Wilk W test), P=0.07 (Kolmogrov-Smirnov Lilliefors
test), and P=0.25 (Cramer-von Mises W test), respectively. B,
u=06.49, p=1.186; goodness-of-fit of the normal, lognormal, and
gamma distributions are P<0.0001 (Shapilo-Wilk W test), P=0.15
(Kolmogrov-Smirnov Lilliefors test), and P = 0.25 (Cramer-von Mises W
test), respectively. This figure was redrawn with the data from (A)
Tsutsumi et al. (2002) and (B) Tsutsumi et al. (2000).

using the macro function of Excel 2003® (Microsoft, Redmond,
WA).

To evaluate the precision of estimation in the simulations, we
computed the margin of estimation error, which was obtained
as the difference between an estimated value and the true value,
such as 50. Then we counted frequencies for which estimation
was precise when acceptable error limits were selected to be
*5%, =10%, and +20% of the mean. In addition, we
computed the root mean square error of estimated values to the
true value as average estimation error.

RESULTS

Figure 3 shows the probability that the margin of estimation
error was within = 10% of the mean and root mean square
error in the case of p =2 with random sampling in small and
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Figure 2. Probability of the density distribution of herbaceous hiomass
in very heterogeneous (p = 2), intermediate (p = 5), and less heteroge-
neous (p = 50) grasslands. Average biomass values (g DM per unit area)
were all 50.

large areas as examples. Comparing the results of the small and
large areas, the precision of the estimated values with equal
numbers of samples was very similar (i.e., no effects of
sampling density were apparent on the precision of estimation).
Similar results were obtained in simulations with p = 5, p = 50,
and with RSS. Hereafter we present only the results of
simulations conducted for small areas.
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Figure 3. A, Probability that the margin of estimation error ranged
within + 10% of the mean; B, Root mean square error of the estimated
values to the true value (i.e., 50) in the case of p=2 with random
sampling in small (circle) and large areas (solid line).
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Figure 4. Results of simulations with random sampling in a small area. A, Relationship between number of samples and probability that the margin
of estimation error was within = 5% of the mean. B, Relationship between number of samples and probability that the margin of estimation error
was within = 10% of the mean. G, Relationship between number of samples and probability that the margin of estimation error was within = 20% of

the mean. D, Relationship between number of samples and root mean square error of the estimated values to the true value (i.e., 50).

Results of the simulations with random sampling and with
RSS are shown in Figures 4 and 5, respectively. Table 1 lists the
necessary number of samples for estimation at a confidence
interval of 95%, when acceptable error limits were selected to
be £5%, £10%, and £20% of the mean. The margins of
estimation error became larger as p decreased for the same
number of samples (Figs. 4 and 5). Similarly, the necessary
number of samples became large as p decreased at the same
acceptable error limit (Figs. 4 and 5; Table 1). In all cases the
margins of estimation error that were generated in the
simulations with RSS were lower than those observed in
equivalent simulations with random sampling.

DISCUSSION

Our simulations demonstrated that the number of samples is
a more influential factor than sampling density on the precision
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of the herbaceous biomass estimation (Fig. 3). For this reason
researchers can determine an appropriate number of samples
irrespective of the grassland area. Though Kayama (1961)
suggested that sampling density affected the precision in the
empirical study, our simulations disputed his suggestion.

The results of our simulations confirmed that biomass
heterogeneity strongly affected the precision of biomass
estimation (Figs. 4 and 5; Table 1), as suggested by Iwasaki
(1976). Additionally, this paper has quantified the magnitude
of the influence; this was significant new information. For
grasslands with low heterogeneity, such as a mown pasture, we
require fewer than 10 samples if we accept an estimation error
of =10% of the mean (Table 1). Moreover, adoption of RSS
decreases the required number of samples. For grasslands with
intermediate heterogeneity, we require 77 or more samples
with random sampling, even if we accept an estimation error of
+10% of the mean, whereas we need only 15 samples with
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Figure 5. Results of the simulations with ranked set sampling in a small area. A, Relationship between number of samples and probability that the
margin of estimation error was within = 5% of the mean. B, Relationship between number of samples and probability that the margin of estimation
error was within =10% of the mean. G, Relationship between number of samples and probability that the margin of estimation error was within
+20% of the mean. D, Relationship between number of samples and root mean square error of the estimated values to the true value (i.e., 50).

Table 1. Necessary number of samples for herbaceous biomass
estimation at a confidence interval of 95%, when acceptable error
limits were assumed to be = 5%, + 10%, and + 20% of the mean.

Biomass Acceptable error Random
heterogeneity limit sampling RSS!
Very heterogeneous (p = 2) +5% 766 50
+10% 200 24
+20% 54 12
Intermediate (p = 5) +5% 328 29
+10% 77 15
+20% 20 7
Less heterogeneous (p = 50) +5% 31 8
+10% 9 4
+20% 3 2

"Ranked set sampling.
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RSS. On the other hand, for very heterogeneous patchy
grassland, even if we accept an estimation error of =10% of
the mean, we require 200 random samples and 24 with RSS.
RSS is superior to random sampling at the same number of
samples (Figs. 4 and 5). However, the RSS procedure is
laborious, especially when sampling is conducted at numerous
(i.e., more than 10) points because RSS requires ranking 7*
quadrats before sampling 7 quadrats.

In the present study, we assumed a 50 X 50 cm quadrat for
sampling. Several researchers have discussed the appropriate
sampling unit size (Kayama 1961; Soplin et al. 1975; Iwasaki
1976). Shiyomi (1987) showed that biomass heterogeneity, as
indicated with p-values, is lower for larger quadrats. Accord-
ingly, if we adopt a larger quadrat than 50X 50 cm, the
necessary number of samples will be smaller than those
indicated in the present study. However, in such a case, the
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total sampling area might be even larger, as indicated by the
previous studies (Kayama 1961; Iwasaki 1976; Shiyomi 1987).

Recently geostatistical analysis has been used for evaluating
sampling schemes in various fields (Webster and Oliver 2000).
Geostatistical analysis could be used for evaluating the number
of samples required for estimating herbaceous biomass. Our
analysis is applicable when random sampling is employed (in
RSS we assumed to select samples for ranking randomly). If
systematic sampling, such as along a diagonal, is employed,
geostatistical analysis will be necessary and useful. In such
a case, detailed information on spatial distribution of herbage
biomass in the pasture of interest will be required. On the other
hand, the heterogeneity of herbage biomass appears in various
spatial scales, that is, patch size of the biomass varies within
and among pasture(s), so that it is difficult to evaluate the
number of samples required for estimating the biomass based
on the patch size.

Based on the results of the simulations, we concluded the
following:

1. In less heterogeneous grasslands, good precision of
estimation can be obtained with a small number of samples,
and it is useful to employ RSS. The cutting method, as well as
nondestructive methods, will be practical.

2. Estimation for heterogeneous grassland requires a large
number of samples, and it is not so useful to employ RSS. For
that reason, more research is needed on nondestructive
methods.
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