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Abstract: Thermal unit is often used as the main driving force in crop simulation models. However, simulation
models built with this approach often do not lead to a satisfactory accuracy of prediction when it regards to
soybean; mainly due to strong photoperiod influence on soybean and complicated interactions between
photoperiod and temperature. This study tried to simulate and predict soybean phenological growth using
calendar-day based approach. Field experiments were conducted at the Delta Research and Extension Center,
Stoneville, Mississippi, USA. Five year (1998-2002) field data were used with 24 sowing dates from maturity
groups (MG) III to MG VI soybean varieties. Three methods, artificial neural network (ANN), k- nearest
neighbor (kNN) and regression were used to construct prediction models. Vegetative and reproductive growth
stages were modeled separately. Results indicated that calendar-based prediction model in soybean growth
calculation is a feasible approach. All three methods achieved the acceptable prediction accuracy. On average,
prediction errors of ANN, kNN and Regression methods were 3.6, 2.8 and 3.6 days for vegetative stage and 4.4,
3.5 and 4.7 days for reproductive stages, respectively.
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INTRODUCTION flowering based on daily temperature. Hodges and French

To accurately forecast the dates of phenological stages of soybean using temperature, day length and
stages of soybean growth and development can help water availability; however, the predicted results were not
soybean producers to better manage their culture satisfactory.
practices, such as irrigation, control of weeds, insects, To prediction soybean growth and development
diseases and harvest. Most crop models use thermal time taking account of photoperiod effect and its interactions
as the main driving force in modeling process. However, with temperature, a new approach may be considered with
soybean is strongly photoperiod sensitive crop and its new modeling methods. This paper is to try to approach
development is determined by complicated interactions of from  another  direction  by  using  calendar  day  instead
photoperiod and temperature. It is very difficult to predict of  thermal  time (unit) as the main driving force. The
soybean growth and development using traditional reason for this approach is based on the following two
thermal-based modeling approach, especially under field considerations: 1) this study focus on the simulation and
conditions. Several studies have been conducted to prediction of growth and development only and taking
partially predict soybean growth and development under too  many  factors  into account on model construction
field conditions. Acock et al. [1] used field data to model will complicate the process; and 2) soybean is strongly
soybean development rates and found that the date of influenced by photoperiod and calendar days are
emergence could model the length of the R6 stage and consistent and more predictable if we use local field data,
results had showed that soil properties, irrigation, or plant which have incorporated local photoperiods and weather
population density had no significant effect on patterns.
reproductive development. Jones and Laing [2] used Although traditional statistical methods such as
empirical equations to predict the date of soybean multiple regression analysis have been used extensively

[3] predicted the dates for four reproductive growth
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to simulate crop growth and build crop models, machine (Table 1). Split-plot treatment arrangement in a randomized
learning algorithms, such as feed forward artificial neural
network (ANN) and k- nearest neighbor (kNN), can
provide an alternative to regression analysis for modeling
crop development [4-7]. An ANN can learn about a
problem by training it with examples. During training,
weights of connections between nodes are adjusted many
times based on the data until the best fit is obtained. The
model can then be used to make predictions and
classifications [8].

ANNs are often advantageous compared to
traditional statistical methods since assumptions on data
distribution (e.g. Gaussian distribution) and variance are
less important for ANNs [9]. Blackard and Dean [10]
compared discriminate analysis with ANN in predicting
forest cover types and concluded that the ANNs had
greater accuracies. Many other researches have
demonstrated that ANNs performed well and often
outperformed conventional statistical approaches in
prediction [4, 11-14].

The kNN is a very intuitive algorithm that classifies
or predicts unlabeled instances using examples with
known labels. For a given instance to be predicted, kNN
tries to find the k closest instances in the training set and
assign the instance to the label that appears most
frequently within the k–subset. This can be done by
taking votes if the values of the target function are
discrete or by computing the mean if the values are
continuous [15].

The  objectives  of  this  study  were  to:  (i) to
examine if  calendar  day  can  be used the driving force
for soybean prediction models; (ii) to compare three
modeling approaches, discuss their advantages and
shortcomings  and  identify  the better strategies for
model construction using empirical data; and (iii) to
construct acceptable empirical models to forecast
soybean phenological events using machine-learning
algorithms (ANN and kNN) or multiple stepwise
regression  analysis  with  cross  validation  based on
field data.

MATERIALS AND METHODS

Experimental Data and Determination of Model
Predictors: Field experiments were conducted at the Delta
Research and Extension Center, Stoneville, Mississippi
(33.4°N, 90.9°W) during the 1998-2002 growing seasons.
Soybean cultivars (5, 6, 9, 6 and 9 varieties for the year of
1998, 1999, 2000, 2001 and 2002, respectively) from MG III
to MG VI [16] were planted from early March to early  July

complete block with four replications was used. Main plot
treatment was planting date (PD) and subplot treatment
was soybean cultivar. Individual subplot size was 4.5 m
by 14.4 m and planted with a 4-row cone seeder at a rate
of 387,000 seeds/ha with a row spacing of 0.5 m. Weeds
were controlled by cultivation and herbicide application.
The field was irrigated using an overhead sprinkler system
starting in late-May to minimize water stress.

Date of emergence and dates reaching individual
growth stages were recorded for all cultivars over the
study period. The growth stages were classified using the
system provided by Fehr and Caviness [17]. In brief, the
vegetative growth stages include emergence (VE),
cotyledon opening (VC) and eight stages from the
expansion of the first (V1) to the eighth leaf (V8); the
reproductive stages include flowering (R1 and R2), pod
setting and growth (R3 and R4), seed filling (R5 and R6)
and maturity (R7 and R8). The dates recorded were
converted to day-of-the-year (Calendar day) to facilitate
computation. Since the total number of days for soybean
growth from one stage to the other was not constant and
depended on PD and MG, the growth stage could not be
used as a direct unit for the modeling process. Instead,
normalized vegetative and reproductive stages were used
as model predictors. The normalization for V-stages was
conducted as follows: (1) Compute the total number of
days between planting and V8 stage for each sample and
compute the mean with the final result is denoted as X;
and (2) Compute the number of days between planting
and each stage (PD to VE, PD to VC, PD to V1, etc.),
compute the mean number of days and then divide by X.
This normalizes the growth stage for each stage, e.g., x1

for PD, x  for VE, x  for VC. The procedure for R-stage2 3

normalization was similar to the above except that X was
the average  number  of  days  between the planting and
R8 stage. The normalized growth stages are shown in
Table 2.

A preliminary regression analysis using SAS [18]
indicated that MG, PD and normalized growth stage had
significant effects on the model; however, no significant
phenological differences were observed among different
MGs for the vegetative growth period (V-stage, up to V8).
Thus, the V and R growth stages were modeled separately
and only two predictors (planting date and normalized
growth stage) were used in V-stage models. Data from
different years were combined when building the models
since the effect of year was not significant in this study.
Other factors, such as moisture stress, diseases, weeds
and insects were either controlled or eliminated due to
their insignificant contributions to the models.
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Table 1: Summary of planting dates, 1998-2002

 Year
-------------------------------------------------------------------------------------------------------------------------

Planting time Period  1998  1999  2000  2001  2002

Month/day
March Early-March  3/13  N/A  3/07  N/A  N/A

Late-March  N/A†  N/A  N/A  3/25  N/A
April Early-April  4/02  4/09  4/07  N/A  N/A

Late-April  4/23  4/23  4/28  4/25  4/20
May Early-May  5/14  5/10  N/A  N/A  5/10

Late-May  N/A  5/24  5/22  5/25  N/A
June Early-June  6/08  6/07  6/10  6/09  6/06

Late-June/early July  N/A  6/30  7/05  N/A  N/A

† NA, Not applicable, there was no planting. 

Table 2: The normalized growth stage for V-stages and R-stages. x x are numerical units1 … 10

x x x x x x x x x x1 2 3 4 5 6 7 8 9 10

V-stage
Stage: PD VE VC V1 V2 V3 V4 V5 V6 V7 V8
Unit: 0 16 32 45 55 64 72 80 87 94 100

R-stage
Stage: PD  R1 R2 R3 R4 R5 R6 R7 R8
Unit:  0  33 37 50 57 63 80 92 100

To explore a relatively simple but effective way to U = wt0 + wt1*MG + wt2*PD + wt3*GS
predict soybean phenological events using data sets from
field experiments, three approaches were considered and Where:
compared in order to construct the best prediction model: wt0 was a randomly assigned value between 0.1 to 1.0 as
artificial neural networks, k-nearest neighbors and node bias. The values changed during the training phase.
stepwise regression. The wt1, wt2 and wt3 were weights for each of the nodes.

The   Feed   Forward   Artificial   Neural    Networks: since MG did not significantly influence Julian dates of
This study used a feed forward neural network, which is growth stages. The output Y was calculated using the
a special type of artificial neural network, to construct the sigmoid function Y = (1+e ) . The calculated Y’s were
prediction models. Feed forward is the most widely used inputs to the next hidden layer or the output layer. This
ANN architecture among researchers [8]. process was repeated until the output layer was reached

The networks contained an input layer, one (V-stage and the final output was the predicted calendar day of
model) or two (R-stage model) hidden layers and an growth stages. The predicted values were compared with
output layer. The input layer for the R-stage models observed values. The model construction was finished if
contained three nodes that received input data about MG, the error was minimal; otherwise, a feed forward technique
PD and normalized growth stages. Similarly, the V-stage was used to attribute the error sources and re-adjust the
model contained two nodes and received input about PD weights. These forward and back processes were
and normalized growth stages. The hidden layers conducted many epochs until the error was at a minimal
contained two or more nodes. The output layer with only level. The gradient decent rule was used to guide the
one node transmitted a response back to the hidden learning and root mean square error (RMSE) was
layers when training or outputted final prediction value considered as an error index.
(dates) upon termination. In this study, the dataset was divided into three sets.

Training the ANN consisted of a feed forward phase The complete dataset was randomized, then the first half
and a back propagation phase. During the forward phase, of dataset was selected as training data, the next quarter
the input U for a node in hidden layer of R-stage ANN of the data was used as validation data and the last
model was calculated as: quarter of the data was used for testing.

The item wt1*MG was omitted for V-stage ANN model
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Various learning rates (0.01 to 0.5) and momentum using SAS [18]. The linear model turned out to be the best
rates (0.01 to 0.9) were tested. Different stopping with regard to the residual. For vegetative growth stage,
algorithms (such as minimal residual control or number of PD (expressed by calendar day-of-the-year, DOY) and
iterations), numbers of hidden layers (1 to 3), numbers of normalized GS were used as predictor variables. For the
nodes in hidden layers and data encoding strategies were reproductive growth stage, a separate model was
also considered and compared to find the highest constructed for each stage using MG and PD as predictor
prediction accuracy for the model. variables.

K-nearest Neighbors Algorithm: In this study, a Java Cross Validation and Criteria of Goodness-of-Prediction:
program  was  used  to  implement  the  kNN  algorithm. For the analysis of ANN, KNN and V-stage regression, a
The program included a point object representing an k-fold cross-validation method was used to estimate the
instance that has a calendar date and computed distance generalization error and selected the best models for
from a queried point to training points and sorted them. growth stage prediction. For the V-stage prediction, there
The means of the k lowest instances from the queried were 240 combinations of PD and GS when factor MG and
point to training points was assigned to the queried replication were pooled. After removing 2 outliers, the 238
instance, thus completing the prediction for a query sets of data were available for modeling and validation.
instance. This process was repeated until all query Each of 8 R-stages contained 166 data set (PDxMG: 5 x5 +
instances were classified. 6x6 + 6 x9 + 4x6 +3x9), making 8x166 = 1328 in total. The

Although the value (calendar date) of the instances data were randomly split into seven subsets, each
was an integer between 90 and 320, the value was treated consisting of 34 and 190 instances for V-stage and R-
as a continuous variable instead of ordinal data. The stage, respectively. The trainings were then conducted
conventional variable does not really affect the magnitude seven times, each time leaving out one of the seven
between two values [19] while the duration between subsets for training, while using the other six subsets to
stages was important in this study. Either number of days compute errors for this particular subset left out. The
from planting or actual Julian dates might be used to label mean of the seven error estimates was utilized as an
the instances. It was the later approach that produced a estimate of the generalization error and the model with the
better accuracy of prediction during the preliminary lowest error rate was selected as the best model. Other
tryouts. Therefore the actual calendar date was used to models are not considered in the present study.
build the final models. For all the attributes, z-score For the regression analysis, only one equation was
normalizations [19] were evaluated, but they provided developed for all of the V-stages and each subset
little   improvement   in   the   accuracy   of   prediction. contained 34 samples (34x7 =238 total). For R-stages, each
The standard procedures for normalization, which stage was modeled separately; therefore, there are eight
normalizes all attributes to zero mean and variance equal equations (R1-R8). For each R-stage, there were 166
to one, were used; however, the results were not ideal. samples each subset contained 166/7 = 24 samples).
Therefore, in this study, the raw data were used to build A bootstrapping approach [21] was also employed to
the models and the MG data values (3.0 to 6.8) were build the best model for V-stage calculation since the
multiplied by 10 so that data for all attributes were in the number of data was limited. In a bootstrapping approach,
range of 1 and 400. It is possible to use different weights not all samples are spliced independently; sub-samples of
on each of the attributes to adjust the contribution of training sets were created by randomly drawing with
each feature to the predicted values. These weighted replacement. The sub-sample set contained the same
combinations can be optimized using a genetic algorithm number of examples as the original training set by
and wrapper method [20]. However, very little including some instances more than once.
improvement in accuracy of prediction was observed Three criteria were used to measure the goodness of
during several preliminary tryouts and the current prediction model: (i) average absolute value of differences
configuration produced very high accuracy of prediction. between observed (O) and predicted (P) calendar days
Therefore, weight factors were not included in the final and (ii) root mean square error (RMSE), which was
models. calculated as:

Regression Analysis: To establish quantitative
relationships between the date of a specific growth stage
and various factors, several regression analyses,
including linear and logistic models, were conducted where N is number of instances.
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RESULTS Seven-fold cross validation was used in building

ANN Model: Since there is no systematic strategy bootstrapping was also used since the number of data
available  to  identify  the  best  ANN  structure  and was not high. Tables 3 and 4 show the results for V- and
values  of  parameters,  a large number of ANN models R-stage models, respectively. Model 5 (set 5 in Table 3)
were   tried    manually    when    building    V-stage    and was the best.
R-stage  prediction  models   separately.   Results The maximum difference between observed and
indicated  that  the first approach were better. To predicted values was less than 6 days among 238 data, the
determine  the  optimal  network  structure,   two  nodes average difference in days was 1.8 and more than 94% of
for input layer was used when building the V-stage the data set had a prediction error less than 4 days.
prediction model since PD and GS were the only inputs Although the network structure, learning rate, momentum
and an extra node was added to input MG for R-stage rate and other parameters were the same for all seven
model. Only one node was required to output predicted models with bootstrapping, the final weights between
dates of a particular growth stage in each output layer. nodes from one layer to another among these seven
The next step was to identify the number of hidden layers models varied. Therefore, we considered the seven
and number of nodes in each hidden layer. A node or models as distinct and selected model 5 as the final model.
layer was added or deleted many times based on the Bootstrapping was not used in constructing the R-stage
improvement in residual mean square errors. In the model since the number of cases was high (1328 samples).
meantime, various learning rates and momentum rates Model 3 was selected as the final model for predicting
were attempted. The number of training epochs was dates of various growth stages since it had the lowest
determined by monitoring the MSE of the training set and prediction error (Table 4).
validation set. The trainings were terminated when the The 8 May 2002 planting date was randomly selected
MSE of the validation set started to increase, or both to test the goodness of prediction of the two best ANN
MSEs approached zero. For V-stage calculation,  the  best models and results are shown in Fig. 1.
result  was  observed with a network  having two layers, For this particular planting date, the prediction error
three nodes in hidden layer, a 0.1-learning rate, a 0.1- varied from 0 days at VE stage to 8 days at V8. The error
momentum rate and 10,000 training epochs. The best is less than 2 days for six out of 10 V-stages. For R-stage,
choice for R-stage calculation was a three-layer network MG 3.9 and PD 5/8, 2002 were randomly selected to test
with two hidden layers; each has three nodes, a 0.08- the accuracy of prediction. The maximum error was 9 days
learning rate, a 0.4-momentum rate and 3,000 training at  R5 stage  and  five  of  eight  stages  had  an error less
epochs. 2 days (Fig. 1).

both V-stage and R-stage models. For V-stage calculation,

Table 3: Cross validation of ANN models for V-stages. The minimal (Min), maximal (Max) and mean errors are differences between observed value and
predicted value in days; <4d indicates the percentage of cases that had absolute error less than 4 days relative to total number of cases

Error
-----------------------------------------------------------------------------------------------------------------------------------------

Set Min Max Mean Std <4d RMS
With Bootstrapping
1 0.2 9.8 4.2 2.5 0.56 4.9
2 0.2 14.5 4.4 3.6 0.68 5.6
3 0.3 14.2 4.1 3.2 0.68 5.2
4 0.1 13.1 3.1 2.5 0.77 3.9
5 0.0 5.9 1.8 1.3 0.94 2.2
6 0.1 12.2 4.2 3.1 0.70 5.2
7 0.0 10.8 3.3 2.3 0.79 4.1

Table 4: Cross validation of ANN models for R-stages. The minimal (Min), maximal (Max) and mean errors are differences between observed value and
predicted value in days; <4d indicates the percentage of cases that had absolute error less than 4 days relative to total number of cases

Error
-----------------------------------------------------------------------------------------------------------------------------------------

Set  Min  Max  Mean  Std <4d  RMS
1 0.0 15.9 4.5 3.6 0.61 5.8
2 0.0 21.4 4.1 3.3 0.63 5.3
3 0.0 12.8 4.1 3.1 0.62 5.1
4 0.1 16.7 4.1 3.4 0.62 5.5
5 0.0 14.4 5.3 3.2 0.61 5.3
6 0.1 19.8 4.5 3.2 0.63 5.2
7 0.0 17.8 4.5 3.5 0.56 5.5
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Fig. 1: The observed and predicted dates for various stages for 8 May 2002 planting date

kNN Model: A seven-fold cross validation approach was After  having  identified  the  optimal  k  value, the
used to select the best models and estimate the next  step  in   constructing   kNN   models   was  to select
generalization error for growth stage prediction. The
procedures were conducted seven times, each time
leaving out one of the seven subsets for validation and
computing errors. For each dataset, various k values from
1 to 7 for V-stages and 1 to 10 for R-stages were used and
prediction errors were computed. Table 5 lists the pool
prediction errors for various k values. Pool sizes were 238
cases for V-stage and 1328 cases for R-stage. For
instance, when k =1, the maximum difference in days
between predicted and observed values is 12 days among
238 cases for V-stage and 34 days among 1328 cases for
R-stage. We selected four as the optimal k-value for both
V-stage and R-stage models based on overall error
parameters (Table 5). These errors should be a good
estimate of the generalization error when we use new data
to predict the dates of a growth stage.

the  best   training   data   subset;   however,   in  general,
the  greater  the  training  data,  the   higherst   the
accuracy  of  prediction  if  the  training  data  set  is a
good  representative  or  generalization  of   future  cases
to  be queried.  Therefore,  in practice, we can either
collect  all  the  data  and  put   them   into   training  pool
or select the best subset from all the data that potentially
can  represent  unseen  cases.  Tables  6  and 7 show the
k-values  and  error  parameters  that  resulted  from  each
of the 7-fold cross validations for V- and R-stages,
respectively. In almost all cases during training and
testing using random samples, the lowest prediction
errors were observed when k was 4. The best results were
obtained with set 4 and k = 4 for the V-stage and set 2 and
k = 4 for the R-stage.
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Table 5: Effect of K value on prediction errors using KNN models with 7-fold cross validation. The minimal (Min), maximal (Max) and mean errors are
differences between observed value and predicted value in days; <4d indicates the percentage of cases that had absolute error less than 4 days relative
to total number of cases

Error
-------------------------------------------------------------------------------------------------------------------------------------------

K Min Max Mean Std <4d RMS
V-stages
1  0.0  12.0  3.9  2.6  0.64  4.7
2  0.0  10.0  3.0  2.2  0.72  3.7
3  0.0  12.7  2.9  2.5  0.80  3.8
4  0.0  15.3  2.8  2.4  0.81  3.7
5  0.0  13.8  2.7  2.3  0.78  3.6
7  0.0  20.6  3.0  2.9  0.79  4.2
R-stages
1  0.0  34.0  4.0  4.8  0.70  16.5
2  0.0  29.0  3.8  4.0  0.68  14.5
3  0.0  27.7  3.6  3.7  0.71  13.7
4  0.0  25.0  3.5  3.5  0.71  13.1
5  0.0  25.4  3.6  3.6  0.71  13.5
6  0.0  24.9  3.9  3.9  0.69  14.6
7  0.0  26.6  4.1  4.0  0.66  15.2

Table 6: Cross validation of KNN models for V-stages. The minimal (Min), maximal (Max) and mean errors are differences between observed value and
predicted value in days; <4d indicates the percentage of cases that had absolute error less than 4 days relative to total number of cases

Error
------------------------------------------------------------------------------------------------------------------------

Set K Min Max Mean Std <4d RMS
1 1 0.0 9.0 4.5 2.29 0.53 5.06

2 0.0 10.0 3.6 2.97 0.62 4.63
: : : : : : :
7 0.4 20.6 4.0 3.98 0.79 5.58

2 1 0.0 11.0 4.2 2.80 0.65 5.03
2 0.0 9.5 3.4 2.26 0.71 4.06
: : : : : : :
7 0.1 12.7 3.8 3.65 0.68 5.25

3 1 1.0 9.0 3.9 2.42 0.59 4.56
2 0.0 8.5 3.0 1.82 0.77 3.49
: : : : : : :
7 0.0 9.0 2.8 2.13 0.82 3.47

4 1 0.0 11.0 3.7 2.84 0.71 4.62
2 0.0 7.0 2.4 1.74 0.85 2.93
: : : : : : :
7 0.1 6.1 2.2 1.86 0.82 2.89

5 1 0.0 12.0 3.9 2.64 0.62 4.72
2 0.0 6.0 2.6 2.08 0.74 3.31
: : : : : : :
7 0.1 6.7 2.7 2.16 0.74 3.46

6 1 0.0 11.0 3.9 2.77 0.68 4.77
2 0.0 7.5 2.7 2.26 0.71 3.51
: : : : : : :
7 0.0 18.6 3.2 3.43 0.79 4.65

7 1 0.0 9.0 3.4 2.39 0.74 4.09
2 0.0 8.5 3.1 2.09 0.65 3.75
: : : : : : :
7 0.1 7.9 2.1 1.94 0.88 2.87
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Table 7: Cross validation of KNN models for R-stages. The minimal (Min), maximal (Max) and mean errors are differences between observed value and
predicted value in days; <4d indicates the percentage of cases that had absolute error less than 4 days relative to total number of cases

Error
-------------------------------------------------------------------------------------------------------------------------

Set K Min Max Mean Std <4d RMS
1 1 0.0 30.0 4.3 5.03 0.71 6.62

2 0.0 23.5 3.9 3.78 0.65 5.45
: : : : : : :
7 0.0 21.1 3.7 3.56 0.69 5.16

2 1 0.0 34.0 3.6 4.60 0.75 5.81
2 0.0 16.5 3.4 3.32 0.68 4.77
: : : : : : :
7 0.0 22.3 3.7 3.80 0.73 5.29

3 1 0.0 25.0 4.1 5.00 0.70 6.43
2 0.0 24.0 3.9 4.41 0.69 5.85
: : : : : : :
7 0.0 21.6 3.9 3.87 0.72 5.51

4 1 0.0 28.0 3.9 4.87 0.71 6.21
2 0.0 25.5 3.6 4.13 0.70 5.50
: : : : : : :
7 0.0 24.9 4.3 4.50 0.67 6.19

5 1 0.0 29.0 3.9 4.61 0.69 6.02
2 0.0 18.5 3.8 3.97 0.69 5.50
: : : : : : :
7 0.0 21.7 3.5 3.32 0.70 4.83

6 1 0.0 34.0 4.4 5.03 0.69 6.70
2 0.0 25.0 4.1 3.95 0.65 5.70
: : : : : : :
7 0.0 20.7 3.9 3.81 0.69 5.42

7 1 0.0 26.0 4.0 4.30 0.68 5.89
2 0.0 29.0 3.9 4.11 0.69 5.65
: : : : : : :
7 0.0 22.1 4.2 4.23 0.62 5.98

The data in these two sets can be used as the final considered as distinct models since they had different
training pools. The instances with the 8 May 2002 coefficients  (Tables  8  and 9). As shown in Table 8 for
planting date were randomly selected to test the best set 1,  the  lowest  error  among  these  34  instances  was
ANN models for V-stage and R-stage models (Fig. 1). 0.1 day. One instance had the greatest error of 10.7 days,
There was only one stage (VC) with a prediction error mean error for the 34 instances was 3.1 days and 82% of
greater than 6 days among 10 V-stages. Half of them had the instances had an error less than 4 days. Compared to
a prediction error less than 3 days. For the R-stage other sets, it was expected that the model derived from set
prediction, the maximum error was 2 days (R7). Since the 1 should have the best prediction performance; therefore,
total number of days is approximately 240, this accuracy it was selected as the final model for the V-stage
of prediction is very high. prediction:

Regression Model: The traditional multiple regression Date = 23.5054+0.8069PD + 0.4734GS
analysis was also utilized to build models to predict the
dates of various V-stages and R-stages. For each set of V- Where:
stage data, 204 instances were used to build the model "PD = planting date" and "GS = growth stage".
and 34 instances were used to validate the model; the
instance for validation was independent to the 204 The overall R  was 0.9770, which can be partitioned
instances. Similar to ANN models, the equations derived as 0.7941 for PD and 0.1829 for normalized growth stage.
from each of the seven-fold cross validations were The best equations for each of the R-stages were selected

2



Am-Euras. J. Agric. & Environ. Sci., 7 (4): 374-385, 2010

382

Table 8: Cross validation of regression models for V-stages. The minimal (Min), maximal (Max) and mean error are differences between observed value and
predicted value in days; <4d indicates the number percentage of cases that had absolute error less than 4 days relative to total number of cases

Error
----------------------------------------------------------------------------------------------------------------------

Set Min Max Mean Std <4d RMS R2

1 0.1 10.7 3.1 2.5 0.82 3.96 0.9770
2 0.4 12.8 4.1 2.7 0.59 4.86 0.9785
3 0.7 13.1 4.0 3.0 0.71 4.99 0.9759
4 0.0 14.1 3.7 2.8 0.59 4.65 0.9765
5 0.0 11.1 3.1 2.6 0.79 4.02 0.9775
6 0.5 12.8 4.4 3.4 0.68 5.56 0.9766
7 0.2 10.9 2.9 2.7 0.77 3.98 0.9752

Table 9: Cross validation of regression models for R-stages. The minimal (Min), maximal (Max) and mean error are differences between observed value and
predicted value in days; <4d indicates the percentage of cases that had absolute error less than 4 days relative to total number of cases

Error
---------------------------------------------------------------------------------------------------------

Stage Set Min Max Mean Std <4d RMS R2

R1 1 0.6 10.7 3.2 2.40 0.70 4.0 0.9697
2 0.3 9.2 3.7 2.96 0.63 4.7 0.9737
: : : : : : : :
7 0.0 13.5 3.8 3.51 0.70 5.1 0.9717

R2 1 0.3 18.0 4.9 4.85 0.59 6.8 0.9724
2 0.1 8.7 3.1 2.74 0.74 4.1 0.9715
: : : : : : : :
7 0.6 9.0 3.9 2.69 0.63 4.7 0.9701

R3 1 0.8 13.1 5.4 3.01 0.41 6.2 0.9680
2 0.0 9.4 4.2 2.78 0.63 5.0 0.9701
: : : : : : : :
7 0.1 8.6 4.0 2.28 0.59 4.6 0.9679

R4 1 0.4 12.1 4.6 3.25 0.63 5.6 0.9547
2 0.1 15.3 5.0 3.46 0.56 6.0 0.9539
: : : : : : : :
7 1.0 17.6 6.5 3.75 0.37 7.5 0.9575

R5 1 1.7 18.1 6.5 3.80 0.41 7.5 0.9405
2 1.2 16.6 6.5 4.33 0.33 7.8 0.9356
: : : : : : : :
7 0.1 12.1 4.9 3.07 0.48 5.7 0.9434

R6 1 0.3 12.0 4.4 3.61 0.56 5.7 0.9499
2 0.6 13.2 3.9 2.98 0.59 4.9 0.9494
: : : : : : : :
7 0.1 13.0 4.7 3.83 0.52 6.0 0.9564

R7 1 0.2 13.9 4.7 3.57 0.56 5.9 0.9478
2 0.6 15.3 5.0 3.56 0.48 6.1 0.9464
: : : : : : : :
7 0.0 13.5 4.7 3.83 0.52 6.0 0.9418

R8 1 1.2 12.0 5.0 2.95 0.48 5.8 0.9360
2 0.7 11.0 5.5 2.76 0.41 6.1 0.9303
: : : : : : : :
7 0.5 15.8 5.5 3.82 0.37 6.7 0.9372

from the  7-fold  cross  validation  models  (Table 10). The The best equation was selected for each growth stage and
overall R  was lower in the R-stage models than in the V- listed in Table 10.2

stage model and it was expected that the accuracy of Data set for 8 May 2002 planting date was randomly
prediction would be lower for the R-stage model. selected to test the accuracy of prediction (Fig. 1). For the

For the R-stage prediction, each stage was modeled V-stage, maximum error of 9 days occurred at V8 and six
separately since the accuracy of prediction was higher out of the 10 stages had prediction errors less than 2
than a combined model. The equations and cross days. The maximum error for the R-stage was 7 days at R5
validation results for each stage are shown in Table 10. and 6 out of the 8 stages had errors less than 2 days.



Am-Euras. J. Agric. & Environ. Sci., 7 (4): 374-385, 2010

383

Table 10: Summary of constant (Const.) and correction efficiency (R ) of optimum equations for R-stage prediction using maturity group (MG) and planting2

date (PD). R1, R8 represent reproductive stages. R -MG and PD-R are partial correction efficiencies for MG and PD, respectively2 2

Coefficient Partial correction
---------------------------------------------------------------------------------------------------- ----------------------------------

R-Stage Equation Set Const. MG PD R MG-R PD-R2 2 2

R1 06 17.2527 9.1123 0.8635 0.9689 0.8804 0.0885
R2 06 22.8331 9.1632 0.8479 0.9718 0.8840 0.0878
R3 04 28.5317 11.6212 0.8348 0.9724 0.8257 0.1467
R4 05 41.7395 11.4702 0.8060 0.9563 0.8055 0.1508
R5 07 50.8947 11.9071 0.7926 0.9434 0.7700 0.1734
R6 02 79.1445 12.8537 0.6925 0.9494 0.7152 0.2342
R7 04 94.3083 14.2326 0.6660 0.9456 0.6979 0.2477
R8 01 96.2261 15.6118 0.6926 0.9360 0.6795 0.2565

Table 11: Comparison of prediction accuracy among K-NN, ANN and regression approach. The minimal (Min), maximal (Max) and mean errors are differences
between observed value and predicted value in days; <4d indicates the percentage of cases that had absolute error less than 4 days relative to total
number of cases

Error
-------------------------------------------------------------------------------------------------------------------------------------------

Approach Min Max Mean Std <4d RMS

V-stage
ANN 0.1 11.5 3.6 2.6 0.73 4.44
KNN 0.0 10.1 2.8 2.4 0.79 3.65
Reg 0.3 12.2 3.6 2.8 0.71 4.57

R-stage
ANN 0.0 17.0 4.4 3.3 0.61 5.39
KNN 0.0 20.3 3.5 3.5 0.71 4.92
Reg 0.4 13.3 4.7 3.5 0.56 5.79

The kNN algorithm is simple to implement; variations To compare the prediction performance of the three
can be easily adapted to deal with different situations. approaches, the minimum, maximum and mean errors from
Besides, new training examples can be continuously the cross validation for each approach were averaged
added to the existing pool of training examples, thus (Table 11). For the ANN approach, the minimum error and
refining the prediction accuracy incrementally. However, other parameters of the V-stage models were computed by
it is difficult to find an optimal value of k that produces averaging seven sets of cross validation with
the best performance for a data set with a finite number of bootstrapping in Table 3 and likewise for the R-stage in
samples. To predict each new instance, the predictor Table 4. For the kNN approach, only models with k=4
needs to compute all the distances from the new instance were considered in computing averages (Tables 6, 7). The
point to all other points of training instances and V-stage average errors and the other parameters of the
complexity increases linearly with the number of training regression models were based on all of the seven sets
examples. (Table 8). All of the sets and stages were taken into

The k value plays an important role for kNN consideration when computing averages for R-stages. 
algorithm with regard to accuracy of prediction.
Theoretically, when k=1, the accuracy of prediction will be DISCUTION
the high; however, the classifier would be very sensitive
to the data. Higher k value results better and more Several models have been developed to simulate
consistent result. Also, when k value increases, it will soybean growth and predict soybean yield, including
result in too large neighborhood, which will actually GLYCIM [23], WINGLY (a windows version of GLYCIM,
decrease the accuracy of prediction [22]. The k-value was [24]) and CROPGRO-Soybean [25, 26]. Most of these
the only parameter that needed to be identified when the models are sophisticated and predict soybean growth,
prediction models were constructed. development and seed yield adequately. These models
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usually take many factors such as row spacing, plant stages, the kNN model had the highest maximum error, but
population, fertilizer, irrigation, soil type, daily maximum the average error was the lowest (less than 4 days) among
and minimum temperatures, rainfall, solar irradiance and the three approaches. Therefore, the kNN method should
variety-specific traits into account [26-29] because yield be still considered as the best approach to build the R-
prediction is the main purpose for these models. stage model. The traditional regression method had the

To predict crop growth and development, thermal lowest accuracy but was within the acceptable range
unit (growing degree day, GDD) is mostly common used. considering the complexity of agricultural environments
However, in soybean, it is somewhat different. Soybean and the limited predictors that were used.
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