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Abstract. Nondestructive estimation of individual shoot fresh weight (FW) from its
measurable morphological traits is useful for a wide variety of purposes in pea shoot
production. To predict individual shoot FW, nine regression models in total were
developed, including two power models using stem diameter (SMD) or stem length
(SML) as a variable, and seven linear models using part or all the following variables:
SMD, SML, leaflet length (LL), leaflet width (LW), stipule length (SEL), and stipule
width (SEW). Among the nine models, the 6-variable linear equation had the highest
coefficient of determination, R*> = 0.92, indicating it is most effective at explaining the
variation in FW. The linear equations including only one variable, SMD or SML, were
equally the least effective as nonlinear equations (i.e., power models). This finding
suggests that there was a linear rather than nonlinear relationship between FW and the
morphological variables. During stepwise regression, SEW and LW together were first
removed from the 6-variable linear models without reducing the R?, and then SEL, SMD,
SML were further removed one-by-one, which reduced the R* from 0.92 to 0.90, 0.85, and
0.71, respectively. The result suggests that SMD, SML, SEL, and LL were the most
important four predictor variables for multivariable linear regression models to estimate
FW, an idea that was also supported by path analysis. For the four linear models with 1-4
predictor variables from stepwise regression, the prediction accuracy of FW was
evaluated based on the agreement between the predicted and measured values using
another independent dataset. The 4- and 3-variable linear models (i.e., FW = —1.437 +
0.276 SMD + 0.010 SML + 0.022 LL + 0.013 SEL and FW = —1.383 + 0.308 SMD + 0.011
SML + 0.030 LL, respectively) were selected for their more accurate prediction than 1-
and 2-variable linear models and relatively simpler forms than a 6-variable linear model.
Although the prediction accuracy can be potentially affected by air temperature, light
conditions, and harvesting time, the multilinear regression model is an effective
approach for estimating fresh weight of individual pea shoots using its measurable
morphological traits.

Pea shoots are young, tender vine tips of
garden peas (Pisum sativum L.), and they
have been recognized as a popular specialty
vegetable in some parts of Asia and Africa
(Lim, 2012). They are eaten fresh, stir fried,
lightly steamed, or sautéed (Miles et al.,
2018). Nowadays, consumption of pea shoots
as a part of a healthy diet has become
increasingly popular worldwide (Miles
et al., 2018; Santos et al., 2014), because
they are believed to be rich in health-
promoting phytochemicals, especially anti-
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oxidants such as vitamin C, carotenoids, and
various phenolic compounds (Liu et al.,
2014; Santos et al., 2014).

Pea shoots can be harvested many times
throughout the growing season (Miles et al.,
2018). However, pea shoot production has
been also limited by a few factors. One of the
limiting factors is that the harvesting is labor
intensive. Currently, pea shoots are mainly
harvested manually, which contributes greatly
to production costs in labor-expensive regions
(Miles et al., 2018). Another factor is the
fluctuation of yield among different harvests,
because the growth of pea shoots is not uni-
form. This growth factor increases the diffi-
culty in predicting crop yield before each
harvest.

Nondestructive estimation of individual
shoot fresh weight (FW), using its measur-
able morphological traits, is useful for a wide
variety of purposes in pea shoot production.
For example, it could potentially be used for
robotic harvesting in identifying and select-
ing the proper target shoots with the aid of a
vision system (Ruiz-Altisent et al., 2004),
because quick estimation of plant sizes from

their two-dimensional images is becoming
possible (Golzarian et al., 2011). In addition,
it is important to predict the yield of pea
shoots before each harvest, so the growers
can determine if they are likely to fulfill
market orders in advance of harvest. Devel-
oping a nondestructive approach to estimate
individual shoot weight is the first step to
predict crop yield, because a destructive ap-
proach is not appropriate for long-lived
plants with complex structures (Spencer
et al., 2006).

Both nonlinear and linear models have
been used for estimation of plant biomass
from measurable morphological traits. For
nonlinear models, power functions, with the
general form of y = ax®, are very useful in
relating plant weight to its height or diameter
(Fehrmann and Kleinn, 2006; Pilli et al.,
2006; Spencer et al., 2006). In the above
functions, x is normally breast-height diam-
eter for estimating aboveground biomass of
trees (Pilli et al., 2006), and plant height for
estimating aboveground biomass of aquatic
plants (Spencer et al., 2006; Thursby et al.,
2002). However, the power functions in the
above studies are used for estimating dry
weight of aboveground biomass. This raised
a question about the adaptation of the non-
linear functions to estimate FW of shoot tips
(e.g., pea shoots). Nevertheless, in the esti-
mation of fresh biomass of tea’s shoot tip, a
linear relationship has been obtained between
shoot weight and some morphological vari-
ables such as shoot length, leaf number, and
bud length (Sun et al., 2007). However, tea is
a woody plant, and its shoot tip has different
morphological traits from pea shoots, so even
when using a linear regression model, the
included variables may be different between
the two species.

Although quite a few studies have been
performed to estimate plant biomass (espe-
cially dry biomass) from measurable mor-
phological traits by using both nonlinear and
linear models, the related information has so
far been unavailable for pea shoots. The
objective of this study was to develop effec-
tive regression models for estimating FW of
individual pea shoots based on its measurable
morphological traits, by screening and select-
ing suitable model forms and variables to
include.

Material and Methods

Snow peas (Pisum sativum L. ‘China six”)
were grown in three greenhouse compart-
ments located in the Edmund C. Bovey
building at the University of Guelph, Guelph,
ON, Canada (lat. 43°33’N, long. 80°15'W).
One compartment had higher air temperature
(22 to 24 °C) than the other two compart-
ments (12 to 14 °C). For the high-temperature
compartment, plants were grown under no
supplemental lighting (SL). For each low-
temperature compartment, plants were grown
under five light conditions: no SL and four SL
light levels (i.e., 50, 80, 110, and 140
umol-m2.s™'). The SL was provided from
light-emitting diode lights (Pro Series 325;
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LumiGrow, Inc., Emeryville, CA) that hada  SEL, and SEW) were measured at maximum and maximum values, and the coefficient of
photon flux density ratio of 4:1 for red to blue  length or width position. variation (cv) were calculated for the samples
light, and peak wavelengths of 665 and 440 For each measured variable, the mini- from each of the two temperature conditions
nm, respectively. The lights, controlled by an  mum, first quartile, median, third quartile, (i.e., high vs. low), the two light conditions
Argus system (Argus Control Systems Ltd.,

Surrey, BC), were turned on/off at 16/0.5 h 5.0
before dusk, to achieve a 16-h photoperiod. o 8 B
Samples were collected from the pea ES 0 .
shoots harvested on 19 Jan., 30 Jan., and 11 £ o o
Feb. 2015 (96 samples from each harvest). %2'0 o 15.5% 15.7% B
For each harvest, 16 pea shoots were sampled 1.0 18.5% r 15.8% 19.1%
separately from the high-temperature com- 0.0
partment (i.e., no SL), and from each of the
five zones with different light conditions (i.e., 140
no SL, and SL levels of 50, 80, 110, and 140 120 | D E F ns
pmol-m2s™"') in the two low-temperature £100 y
compartments. Because there was no visible E 80 . e ns -
morphological difference among the four = ig
levels Oj EL (i, 50, 80, 110, and 140 ? 2 24.8% 21.3% Samy, o 212% 33y, 194%
umol-m—=-s7"), the pea shoots sampled from 0
these four zones were mixed together and
considered as those from SL. A total of 288 50
pea shoots were collected from the above G H [y S—
three greenhouse compartments. . i - s
Typically, each of the harvested pea £50 ns ns
shoots had one fully unfolded leaf and a =20 o 15.5% =
shoot tip (Fig. 1), except for those harvested “0 | oamm 21.6% 53.7% o PP 0w
on 11 Feb., when there were flower buds or 0
flowers on some pea shoots. For each har-
vested shoot, its FW was determined by a
scale, and then its shoot length (SML), leaflet o0 K L P
length (LL) and width (LW), and stipule 40
length (SEL) and width (SEW) were mea- ESO ok o
sured by a ruler, and the shoot diameter = 20 ] 51%
(SMD) by a caliper (Fig. 1). The SML was = 19.2% 17.9% 195%
measured from the cutting position to the 24.8% 20.1% 21.3%
shoot tip. The SMD was measured at the .
cutting position. Considering the irregular
shape of a pea stem, two diameter measure- T 5
ments at cross directions were performed for 50
each shoot, and these measurements were g40 ns e
presented as an average value of two mea- =30
surements. The leaf size traits (i.e., LL, LW, w20 24.1% 16.3% 19.6% 19.4%
10 19.7% 26.6%
0
35
30 | P Q
E® .
E20 E =
& 13 17.8% %I
w . 2 DO L
g 27.6% ey S5 B0 22.5% oo 203%
3.0
25 | S T
~2.0
g1 5 Rk
0.5
00 445% 490% 4T5%  335% 323%  473F%  38.9%
High Low No SL SL 19Jan.  30Jan. 11 Feb.
Temperature Light Harvesttime

y\ Fig. 2. Descriptive statistics of the measured variables in pea shoots sampled from different environment
SMD conditions and different harvest time. The bottom and top of the whiskers are the minimum and
maximum values, respectively. The bottom and top of the boxes are the first quartile and third quartile

Fig. 1. Harvested individual pea shoot and mea- value, respectively. The short lines inside the boxes are the median values; n =48 and 240 for high and
sured morphological traits. SML = stem length; low temperature; 96 and 192 for no SL and SL, and 96 for each of harvest date, respectively. The
SMD = stem diameter; LL = leaflet length; percentage number at the bottom of each box is cv value. Inside each panel, between every two
LW = leaflet width; SEL = stipule length; SEW environment conditions, or harvest dates, the mark of ns, *, **, or *** indicates that the difference is
= stipule width. not significant, or significant at P =< 0.05, 0.01, or 0.001, respectively.
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(i.e.,no SL vs. SL), or the three harvest dates
(i.e., 19 Jan., 30 Jan., and 11 Feb.), and then
presented as box-plot graphs. The differ-
ences in each variable between different
greenhouse environment conditions or dif-

ferent harvest dates were compared using a ¢
test.

Using a randomization procedure, half of
the samples (i.e., 144 samples) collected from
each greenhouse environment condition (i.e.,

Table 1. Descriptive statistics of the measured variables used to derive and validate the models for
estimating fresh weight of pea shoots.

Variable Shoot no. Minimum Maximum Mean SD cv (%)
Data used for the generation of models (n = 144 shoots)
SMD (mm) 144 1.7 4.0 2.7 0.5 18.2
SML (mm) 144 31.0 115.0 68.1 14.7 21.6
LL (mm) 144 18.0 45.0 31.0 6.7 21.6
LW (mm) 144 14.0 41.0 27.7 5.5 20.0
SEL (mm) 144 14.0 55.0 36.2 7.8 21.6
SEW (mm) 144 7.0 31.0 19.0 4.5 23.5
FW (g) 144 0.3 2.5 1.2 0.5 40.5
Data used for the validation of models (n = 144 shoots)
SMD (mm) 144 1.3 3.8 2.7 0.5 18.5
SML (mm) 144 30.0 105.0 64.8 14.5 223
LL (mm) 144 14.0 45.0 30.2 6.8 22.6
LW (mm) 144 10.0 42.0 27.6 6.1 22.1
SEL (mm) 144 20.0 53.0 359 7.0 19.6
SEW (mm) 144 10.0 31.0 18.9 4.0 21.3
FW (g) 144 0.3 2.1 1.1 0.4 39.6

sp = standard deviation; cv = coefficient of variation; SMD = stem diameter; SML = stem length; LL =
leaflet length; LW = leaflet width; SEL = stipule length; SEW = stipule width; FW = fresh weight.

Table 2. Correlation coefficients among fresh weight and measured morphological characteristics of
individual pea shoots (n = 144).

SML (mm) LL (mm) LW (mm) SEL (mm) SEW (mm) FW (g)
SMD (mm) 0.51** 0.73%* 0.75%* 0.64** 0.63** 0.83**
SML (mm) 0.48** 0.50%** 0.48%* 0.49** 0.73%*
LL (mm) 0.88%* 0.74%%* 0.69%* 0.84**
LW (mm) 0.60** 0.58** 0.79**
SEL (mm) 0.93** 0.79**
SEW (mm) 0.76**

SMD = stem diameter; SML = stem length; LL = leaflet length; LW = leaflet width; SEL = stipule length;
SEW = stipule width; FW = fresh weight.
**Significant at P = 0.01.

Table 3. Path coefficients of measured morphological characteristics of pea shoots indicating direct and
indirect effects on individual shoot fresh weight (n = 144).

Indirect effect via

Plant traits Direct effect SMD SML LL LW SEL SEW
SMD 0.29 — 0.17 0.23 0.00 0.12 0.02
SML 0.33 0.15 — 0.15 0.00 0.09 0.01
LL 0.31 0.21 0.16 — 0.00 0.14 0.02
LW 0.00 0.22 0.17 0.27 — 0.11 0.02
SEL 0.19 0.19 0.16 0.23 0.00 — 0.03
SEW 0.03 0.19 0.16 0.21 0.00 0.17 —

SMD = stem diameter; SML = stem length; LL = leaflet length; LW = leaflet width; SEL = stipule length;
SEW = stipule width; FW = fresh weight.

Table 4. Regression models selected for estimation of fresh weight of pea shoots (n = 144).

temperature or light) or harvest date were
used for model construction, and another half
of the samples were used for model valida-
tion. For the data for model construction or
validation, the minimal, maximum, and mean
values, the standard deviation (sp), and the cv
were calculated for each variable.

For the model construction data, the cor-
relation between all the variables was ana-
lyzed first. Then, path analysis was carried
out to determine the direct and indirect ef-
fects of the six variables (i.e., SMD, SML,
LL, LW, SEL, and SEW) on the FW of pea
shoots. After that, five linear models with 6,
4, 3,2, and 1 predictor variables were devel-
oped using stepwise regression. In addition,
using SML or SMD as a single predictor
variable, two nonlinear models (i.e., power
function) and two linear models were con-
structed. The coefficient of determination
(R?), the root mean square error (RMSE),
F-value, and P value were calculated for each
equation using Data Processing System Soft-
ware (DPS version 7.05; Refine Information
Tech. Co., Hangzhou, China).

Four linear models with 14 predictor
variables from stepwise regressions were
selected for evaluation of prediction accuracy
using the validation data. The pea shoot FW
values obtained using the above four linear
models were plotted against the measured
FW values using linear regression (¥ = kX; k
is slope), and the accuracy of the models was
evaluated based on the R? and the & value for
the regressions. Also, the agreement between
predicted values and measured ones was
evaluated by calculating the relative bias,
estimated by the mean of differences between
the measured and estimated values (MD) and
the standard deviation of the differences
(SDD) (Mokhtarpour et al., 2010).

Based on the above results, two of the
linear models with better prediction accuracy
were selected to evaluate the model flexibil-
ity using pea shoots sampled from different
environmental conditions or different harvest
dates. For the selected two linear models,
three goodness of fit indicators, the mean
absolute error (MAE), RMSE, and the index
of agreement (d) were calculated using the
formulas provided by Mokhtarpour et al.
(2010), and compared among different envi-
ronmental conditions or different harvest
dates. Also, for the pea shoots harvested from
different environmental conditions or differ-
ent harvest dates, the predicted FW values

Regression models R RMSE F-value Pr>F
1. FW =-1.433 + 0.273 SMD + 0.010 SML + 0.022 LL + 0.000 LW + 0.011 SEL + 0.003 SEW 0.92 0.14 250.96 <0.0001
2. FW =-1.437 + 0.276 SMD + 0.010 SML + 0.022 LL + 0.013 SEL 0.92 0.14 381.30 <0.0001
3. FW =-1.383 + 0.308 SMD + 0.011 SML + 0.030 LL 0.90 0.15 408.55 <0.0001
4. FW =-1.138 + 0.013 SML + 0.044 LL 0.85 0.18 398.87 <0.0001
5. FW =-0.657 + 0.059 LL 0.71 0.25 347.34 <0.0001
6. FW = 0.769 SMD — 0.949 0.68 0.26 306.97 <0.0001
7. FW =0.023 SML - 0.417 0.53 0.32 162.14 <0.0001
8. FW =0.177 SMD'#* 0.69 0.31 311.34 <0.0001
9. FW = 0.003 SML'*™ 0.53 0.35 163.06 <0.0001

R? = coefficient of determination; RMSE = the root mean square error; Pr = probability; SMD = stem diameter; SML = stem length; LL = leaflet length; LW =

leaflet width; SEL = stipule length; SEW = stipule width; FW = fresh weight.
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from the two linear models were plotted
against the measured FW values, and 1:1 line
(i.e., Y=X), as well as the 7 test comparison of
the mean predicted vs. measured values, was
used to examine a possible overestimation or
underestimation by the models.

Results

Model construction. The pea shoots sam-
pled from different environment conditions
or different harvest dates showed differences
in most of the growth traits, despite having
similar cv for each trait (Fig. 2). Under high
vs. low temperature, pea shoots had smaller
SMD, SML, and LW, and larger SEW, but no
differences in the other traits. For the pea
shoots under no SL vs. SL, all the tested
growth traits were smaller. All the traits
except SML were smaller for the pea shoots
harvested on 30 Jan. and 11 Feb. compared
with 19 Jan. Most traits except LL and LW
were larger for the pea shoots harvested on 11
Feb. compared with 30 Jan.

The shoots used in this study displayed
considerable morphological variation, and
they were representative of harvested pea
shoots (Table 1). Data dispersion can be
considered as strong (i.e., cv > 30%) for
FW, or moderate (i.e., 15% < cv = 30%)
for the other variables. All variables of the
pea shoots sampled for model validation
presented values close to those sampled for
model construction. Consequently, the values
used for the validation should not extrapolate
those used for the modeling.

Correlation coefficients for FW and mea-
surable morphological characteristics of pea
shoots sampled for modeling are given in
Table 2. FW was positively correlated to all
the measured morphological traits, showing
the largest correlation coefficient with LL.
The highest correlation among the measured
morphological characteristics of pea shoots
was obtained between SEL and SEW.

Path coefficient analysis partitioned cor-
relation coefficients among FW and measur-
able morphological characteristics of pea
shoots sampled for modeling into direct and
indirect effects (Table 3). Based on the direct
positive effects on FW, the order of first four
factors was SML > LL > SMD > SEL.
However, each of the direct effects from the
above four parameters was less than half of
the correlation coefficients between FW and
the respective measurable morphological
traits. The direct effects of SMD and SEL
on FW were of similar magnitude to their
indirect effects on FW via LL and SML. The
direct effects of SEW and LW on FW were
negligible, but it was evident that both SEW
and LW had great indirect effects on FW via
the other four parameters (i.e., LL, SML,
SMD, and SEL). The relatively small resid-
ual effect (0.29) suggested that nearly all the
measurable morphological characteristics
contributed to FW were included in this study
except for sampling error.

Through step-by-step regression, five lin-
ear models (Eq. [1]-[5]), which included the
number of variables (i.e., measurable mor-
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phological traits) gradually reduced from 6 to
4,3, 2, and 1 in sequence, were constructed
for the estimation of FW (Table 4). Also, the
single measurable morphological parameter,
i.e., SMD or SML, was used to construct
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respectively), and the same is E-H. Eq. [5], [4], [3], and [2] have one variable (i.e., FW = -0.657 +
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MD -3 SDD.
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Even if the nonlinear regression models (Eq.
[8]H9]) were transformed into linear models
(Eq. [6]-[7]) with the same single variable
included, the value of R? decreased little,
especially for the models with SML included.
It appeared that a linear relationship existed
between FW and the measurable morpholog-
ical traits.

For the linear models, due to the same
values of R? and RMSE, the regression Eq.
[2] with four variables (i.e., SML, LL, SMD,
and SEL) was as equally effective as the Eq.
[1] with all the six variables at explaining the
variation in FW (Table 4). In fact, the value
of R? in Eq. [3] was still =0.90 after remov-
ing another variable, SEL, from Eq. [2],
which only decreased R* by 0.02 and in-
creased RMSE by 0.01. However, when one
or two more variables were removed from
Eq. [3], the value of R? decreased below 0.90.

Model validation. To validate the devel-
oped linear regression models (Eq. [2]-[5])
for estimating the FW of individual pea
shoots, measured and estimated data were
compared in Fig. 3A-D. There was a linear
relationship (Y = kX) between the measured
FW and estimated value from all the four
models. When the number of included vari-
ables varied from one to four, the values of R?
increased from 0.62 to 0.89—and reached
above 0.85 in models (2) and (3), with four
and three included variables, respectively. In
addition to greater values of R?, models (2)
and (3) had greater & values (i.e., closer to 1)
than model (4). Although the k value was the
closest to 1 for model (5) with one included
variable, its R? value was the lowest among
the above four models. This suggested that
there were stronger agreements between the
measured and estimated FW values for
models (2) and (3) than models (4) and (5).

Comparing to the way based on k and R?
values, a similar result was achieved for the
agreement evaluation of the above four linear
models using the calculated relative bias,
which was estimated by the MD and SDD
(Fig. 3E-H). For the tested four models, all
MD values were close to zero, and above
97% of the differences between observed and
predicted values fell within MD + 3 SDD,
indicating that the differences were distrib-
uted normally around zero. However, when
the number of included variables increased
from one to four, the range of MD + 3 SDD
became narrower. In other words, following
the order of models (5), (4), (3), and (2), the
SDD values decreased gradually, and the
differences distribution became closer to
zero. Above 99% of the differences between
the measured and predicted values were dis-
tributed within MD = 3 SDD for models (2)
and (3) rather than models (4) and (5). This
suggested that models (2) and (3) showed
better agreements between the measured and
estimated values than models (4) and (5).

Based on the agreement evaluation of four
models, models (2) and (3) were selected for
further evaluation using pea shoots sampled
from different environmental conditions or
different harvest dates. For the three good-
ness of fit indicators (i.e., d, MAE, and
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RMSE), in most cases, d was higher, and
MAE and RMSE were lower for Eq. [2] than
Eq. [3] (Table 5). This result suggested that
the model from Eq. [2] had better prediction
accuracy than the model from Eq. [3]. How-
ever, Eq. [2] and [3] showed a similar trend in

the variation of d, MAE, and RMSE with
different environmental conditions or harvest
dates. Generally, for both Eq. [2] and [3], a
lower d, and higher MAE and RMSE were
obtained for the pea shoots harvested from
high vs. low temperature, no SL vs. SL, and

Table 5. Accuracy evaluation of the 4- and 3-variable models (Eq. [2] and [3], respectively) developed to
predict the fresh weight of pea shoots from different environment conditions and different harvest

dates.
MAE RMSE d
E2” E3 E2 E3 E2 E3 Shoot samples

Temperature

High 0.16 0.20 0.18 0.22 0.79 0.74 24

Low 0.11 0.12 0.14 0.15 0.84 0.84 120

Light

No SL 0.14 0.15 0.17 0.18 0.78 0.76 48

SL 0.11 0.12 0.13 0.15 0.83 0.82 96
Harvest time

19 Jan. 0.11 0.12 0.13 0.15 0.85 0.82 48

30 Jan. 0.11 0.11 0.13 0.14 0.81 0.81 48

11 Feb. 0.14 0.16 0.17 0.20 0.76 0.74 48

“E2 =Eq. [2] (i.e., FW =—-1.437+0.276 SMD + 0.010 SML + 0.022 LL + 0.013 SEL); E3 = Eq. [3] (i.e.,
FW =-1.383 + 0.308 SMD + 0.011 SML + 0.030 LL).
MAE = the mean absolute error; RMSE = the root mean square error; d = the index of agreement; SL =

supplemental lighting.
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Fig. 4. Evaluation of the models, Eq. [2] and [3], developed to predict fresh weight (FW) of pea shoots from

different temperature conditions; n = 24 and 120

for pea shoots harvested from high temperature and

low temperature, respectively. The diagonal line through origin is 1:1 line (i.e., Y =X). Eq. [2] and [3]
have four variables (i.e., FW =-1.437 + 0.276 SMD + 0.010 SML + 0.022 LL + 0.013 SEL) and three
variables (i.e., FW =-1.383 +0.308 SMD + 0.011 SML + 0.030 LL), respectively. The data nearby Y
and X axis are means of predicted and measured FW, respectively.
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11 Feb. vs. 19 and 30 Jan., suggesting a lower
prediction accuracy of these two models
under these conditions.

For the models from both Eq. [2] and [3],
there was a potential underestimation of FW
for the pea shoots sampled under high tem-
perature or no SL condition, or those har-
vested on 11 Feb. (Figs. 4-6). For the pea
shoots sampled under high temperature or no
SL, or those harvested on 11 Feb., most of the
data were under 1:1 line (Figs. 4-6). Never-
theless, there were no statistical differences
between the means of predicted vs. measured
values for the pea shoots sampled from each
environment condition or harvest date (data
not shown). This finding indicated that the
underestimation of the two models was still
in the acceptable range.

Discussion

Nonlinear or linear regression models. It
has long been noted that power function, y =
ax®, can be used to estimate total biomass
from predictive biometric variables such as
breast-height diameter, or height in trees, or
aquatic plants (Pilli et al., 2006; Spencer
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1.5 20 25

et al., 2006). However, in the present study
on pea shoots, the R? values were similar for
linear or nonlinear relationships between FW
and SMD or SML, indicating that their rela-
tionships should be linear. Similar results
have been reported in the estimation of shoot
mass of eight browse plant species, where the
transformation of twig length by squaring did
not significantly improve estimates (Schuster,
1965). It is well known that any nonlinear
relationship may behave as an approximate
linear relationship over a narrower range. Pos-
sibly, the present linear relationships were due
to the narrower ranges of SMD or SML of
pea shoots relative to trees and aquatic plants
(e.g., Arundo donax).

In the present study, multivariable linear
models were better than one-variable linear
or nonlinear models for estimating pea shoot
FW from the measured morphological traits.
Similarly, a combination of predictor factors
is usually superior to a single factor for
estimating shoot biomass of browse plants
and tea plants (Rutherford, 1979; Schuster,
1965; Sun et al., 2007). Deferring from pea
shoots, tree biomass normally can be esti-
mated by a single variable, i.e., stem size

25
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20 |
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Fig. 5. Evaluation of the models, Eq. [2] and [3], developed to predict fresh weight (FW) of pea shoots from
different light conditions. SL = supplemental lighting; n = 48 and 96 for pea shoots harvested from no
SL and SL, respectively. The diagonal line through origin is 1:1 line (i.e., Y= X). Eq. [2] and [3] have
four variables (i.e., FW = —1.437 + 0.276 SMD + 0.010 SML + 0.022 LL + 0.013 SEL) and three
variables (i.e., FW =-1.383 + 0.308 SMD + 0.011 SML + 0.030 LL), respectively. The data nearby Y
and X axis are means of predicted and measured FW, respectively.
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(Pilli et al., 2006). The difference between
trees and pea shoots could be explained by
the role of the stem in its contribution to
biomass. For trees, more than 80% of total
aboveground biomass is stem biomass (Pilli
et al., 2006). However, for pea shoots, both
stems and leaves contribute greatly to shoot
biomass (Wu et al., 2006), and thus the stems
exert a smaller effect on the biomass estima-
tion compared with trees.

Screening predictor variables. In the
present study, six predictor variables, includ-
ing both stem and leaf traits (i.e., SMD, SML,
LL, LW, SEL, and SEW), were considered
for developing multivariable linear models to
estimate FW of peas shoots at the beginning.
To avoid including some unimportant mor-
phological traits, it is best to screen the
crucial predictor variables for multivariable
linear regression models, which could nor-
mally be realized by path analysis and step-
wise regression (Gtler et al., 2001; Payandeh
and Wood, 1988). In the present study, path
analysis showed that the two variables, SEW
and LW, had small direct effects on FW. This
result was also confirmed by the stepwise
regression, where after removing SEW and
LW, the remaining four variables (i.e., SML,
SMD, SEL, and LL) can fully explain the
variation of pea shoot FW. For tea shoots, the
most important variables are shoot length,
number of leaves, and bud length in a linear
regression model for shoot weight estimation
(Sun et al., 2007). The difference between
pea and tea shoots might result from their
different organographic composition of shoot
tip parts (Niklas, 2005).

For model development, although multi-
ple predictor variables gave significantly bet-
ter predictions in most cases, a single variable
may be of some value in practical sampling
(Schuster, 1965). In the present study, it is
also necessary to further screen one crucial
predictor variable from the above four vari-
ables (i.e., SML, SMD, SEL, and LL). In the
process of stepwise regression, after SEL,
SMD, and SML were removed successively
from a 4-, 3-, and 2-variable model, the
multiple-variable linear model finally had
only a single variable: LL. The removing
order was generally negatively related to the
direct effect on fresh biomass imposed by
these variables, except during the last step
where LL rather than SML was kept, al-
though the latter had a higher direct effect
than the former (Table 3). The reason may be
that among all the tested morphological
traits, LL as a single variable has the highest
correlation with shoot FW (Table 2).

Accuracy and flexibility of the model. The
best model has a close degree of fit to the
data set (i.e., estimation accuracy), while it
has the least number of predictor variables
(Mokhtarpour et al., 2010). For estimation of
plant biomass, including fewer predictor var-
iables in the prediction models can reduce
sampling time demand, but it may also po-
tentially reduce estimation accuracy. Conse-
quently, modeling plant biomass is at least a
compromise of estimation accuracy and sam-
pling time demand (Verwijst and Telenius,
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Fig. 6. Evaluation of the models, Eq. [2] and [3], developed to predict fresh weight (FW) of pea shoots from
different harvest dates; n =48 for pea shoots sampled from each harvest date. The diagonal line through
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respectively.

1999). This is the reason why the regression
models with 4 or 3 variables, rather than
those with 6, 2, or 1 variables, were selected
for the estimation of pea shoot FW in the
present study. The main difference between
4- and 3-variable regression models was
whether stem diameter was included as a
predictor variable. Although a 4-variable
model is more accurate for estimation of
pea shoot FW than a 3-variable model, stem
diameter measurement increases the time
demand during the developing of the models.
For pea shoots, the cross section of the stem is
not round, so the diameter measurement
needs more than one measurement to in-
crease accuracy. Similarly, in irregularly
shaped tree trunks, or browse plant twigs,
several measurements of diameter at differ-
ent directions are required to achieve an
average value (Barnes et al., 1976; Ruther-
ford, 1979; Telfer, 1969). However, this dif-
ficulty in diameter measurement could be
reduced with the aid of machine vision in
robots using image processing technology.
Therefore, the selection between 4- or 3-
variable regression models to estimate pea
shoot FW would depend on available tech-
nologies and required accuracy.

A good model should also have some
degrees of flexibility; if a model is sensitive
to fluctuations in the data set, it has little
predictive value (Mokhtarpour et al., 2010).
In the present study, for the 4- or 3-variable
models, the average values of predicted vs.
measured pea shoot FW was not statistically
different, regardless of different environment
conditions or harvesting dates. This result
suggests that there are some degrees of flex-
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ibility in these models. However, a general
trend in underestimation of pea shoot FW
from the regression models was found for the
last harvest (i.e., 11 Feb.), high temperature,
or no SL (Figs. 4-6). For the last harvest,
flower buds or flowers began to appear in
some harvested pea shoots, but this organ was
not included as one of the predictor variables
in this study. Under high vs. low temperature,
fewer (24 vs. 120) samples were collected to
develop the prediction models, so the coeffi-
cients in the prediction models might match
the morphological variables of the pea shoots
under low temperature. Under no SL vs. SL,
the measured FW of pea shoots was 30%
smaller, and this was distributed in a range of
smaller values (Fig. 2), which contributed to
the underestimation to some degree (Fig. 3).
However, all the above problems could be
addressed by adjusting the model coefficients
under different environmental conditions or
at different harvest dates. A previous study
indicated that in the linear function for tea
shoot tip, the coefficients of models are
affected by soil water level (Sun et al.,
2007). For pea shoots, further research may
be necessary for studying the response of
model coefficients to the above factors.

In summary, to estimate FW of individual
pea shoot, five linear models using all or part
of the six variables (including SML, SMD,
SEL, SEW, LL, and LW) were developed
through stepwise regression. Also, two power
and two linear regression models using SMD
or SML as a single variable were constructed.
The former five linear regression models
(with 6, 4, 3, 2, and 1 variables) were more
effective at explaining the variation in FW

than the latter two nonlinear and two linear
1-variable regression models, suggesting a
linear relationship between FW and the mor-
phological traits. From the former five linear
regression models, the 3- and 4-variable lin-
ear models were selected for their more
accurate prediction than the 1- and 2-variable
linear models, and relatively simpler forms
than 6-variable linear model. Despite a pos-
sibility of underestimating FW for the pea
shoots sampled under high temperature or no
SL condition, or those harvested at late time,
the prediction accuracy of the two models
was statistically acceptable. This implies the
possibility and effectiveness of using the
measurable morphological traits of pea shoot
for estimation of its fresh biomass through
the multilinear modeling.
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