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Calibration and evaluation are two important steps prior to the application of a crop simulation model.
The objective of this paper was to review common statistical methods that are being used for crop model
calibration and evaluation. A group of deviation statistics were reviewed, including root mean squired
error (RMSE), normalize-RMSE (nRMSE), mean absolute error (MAE), mean error (E), paired-t, index of
agreement (d), modified index of agreement (d;), revised index of agreement (d;), modeling efficiency
(EF) and revised modeling efficiency (EF;). A case study of the statistical evaluation was conducted for
the DSSAT Cropping System Model (CSM) using 10 experimental datasets for maize, peanut, soybean,
wheat and potato from Brazil, China, Ghana, and the USA. The results indicated that R? was not a good
statistic for model evaluation because it is insensitive to regression coefficients (o and p) of the linear
model y = o + px + &. However, linear regression can be used for model evaluation (test HO: =0, f=1)
if auto-correlation, normality and heteroskedasticaity of the error term (&) are tested or the proper data
transfers are made. The results also illustrated that statistical evaluation of total dataset across treat-
ments might be insufficient. Hence the evaluation of each treatment is necessary to make the right con-
clusion, especially when evaluating soil water content under different planting date treatments and soil
mineral N under different N treatments. Co-variability analysis among dimensionless statistics (d, d;, d;,
EF and EF;) recommended that d and EF are inflated by the sum of squares-based deviations, i.e., the lar-
ger deviations contribute more weight on the statistic than the smaller deviation due to the squared
term. However, EF had a larger range and a clear physical meaning at EF = 0, making it superior to d. Val-
ues of d = 0.75 were obtained from regression with all positive values of EF (EF > 0), indicating that val-
ues of d > 0.75 and EF > 0 should be the minimum values for plant growth evaluation. Values of
d > 0.60 and EF > —1.0 should be the minimum values for soil outputs evaluation combined with t-test
due to the fact that the soil parameters in the DSSAT SOIL module are difficult to calibrate compared with
plant growth parameters because of no sufficient observed soil dataset. Due to the statistical nature, no
single statistic is more robust over others but some statistics are highly correlated. Therefore, several sta-
tistics may be used from each of the following correlated groups (RMSE, MAE), (E, t-test), (d, dy, d}) and
(EF, EF,) in one assessment of model evaluation so that a representative statistical conclusion can be
obtained with respect to model performance.

© 2014 Elsevier Ltd. All rights reserved.

1. Introduction

the evaluation of model performance with the observed data is
important and a statistical evaluation is regarded as the key meth-

Crop simulation models are simplified representations of real
crop growth processes and the empirical equations that normally
describe these dynamic processes are based on a certain set of
hypotheses, which result in simulation bias or errors. Therefore,
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od in comparing model outputs with the observed data (Willmott,
1982; Willmott et al., 1985; Reckhow et al., 1990; Yang et al.,
2000). Classical linear regression y = o + x +¢& is often used for
model evaluation, and R? is used to assess the quality of fit of the
linear model. However, the error term, ¢, in the ordinary least
square linear regression is based on three assumptions, namely,
independence, normality and homoscedasticity. Many observed/
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measured datasets violate some of these assumptions, making the
statistical analysis inaccurate if no proper data transformations are
applied (Aigner, 1971; Snedecor and Cochran, 1976; Yang et al.,
2000).

Moreover, the R? is mainly a measure of the correlation be-
tween y and x and it is insensitive to additive (regression intercept)
and proportional differences (regression slope) between the simu-
lated and observed data (Willmott et al., 1985; Legates and
McCabe, 1999). It can easily obtain a R? value close to 1.0 even if
a model systematically over- or underestimates the observed data
(Krause et al., 2005). Some deviation statistics were established to
test deviation y — x directly, where y and x represent the simulated
and observed data, respectively (Willmott, 1981; Willmott et al.,
1985). Reckhow et al. (1990) compared test statistics with model
evaluation and Smith et al. (1997) applied both test statistics (lin-
ear regression and t-tests) and several deviation statistics (root
mean square error, modeling efficiency and index of agreement
etc.) for evaluating nine soil models using seven long-term field ex-
periments because each statistical method provided information
on a distinct aspect of the accuracy of the simulation. Yang et al.
(2000) systematically tested normality and heteroskedasiticity of
the error term and concluded that data from field experiments ea-
sily violated normality and equal variance assumptions, and data
transformations were suggested for regression analysis between
the simulated and the observed data. Sinclaira and Seligman
(2000) suggested that the evaluation of the model should not only
be based on end-of-season data, but also data observed during the
entire growth cycle. Recent reviews indicated that nearly all ecolo-
gical data are autocorrelated in both space and time (Boyce et al.,
2010). More examples of autocorrelation can be seen from biomass
growth of forest trees (Brienen et al., 2006) and soil evapotran-
spiration (Medeiros et al., 2012). Rykiel (1996) provided a compre-
hensive review on model validation, criteria and steps.

The Decision Support System for Agrotechnology Transfer
(DSSAT) is a software package that encompasses the Cropping Sys-
tem Model (CSM) for over 25 different crops. DSSAT has been
widely used by over 2000 scientists and extension experts globally
(Tsuji et al., 1994; Hoogenboom et al., 2010; Jones et al., 2003),
However, statistical methods for calibration and evaluation of the
DSSAT CSM were not reported systematically in the above pub-
lished studies although concepts for calibrating and evaluation of
crop growth models were introduced in DSSAT v3 volume 4
(Hoogenboom et al., 1999). The objective of this paper was to re-
view statistical evaluation methods with case evaluation examples
of the DSSAT v4.5 model, and to discuss the advantages and limi-
tations of these statistical methods which are generally applicable
for the evaluation of other crop, soil and hydrologic models.

2. Reviews of evaluation statistics
2.1. Test statistics

2.1.1. Linear regression and R?

The correlation-regression based statistical methods, such as a
linear regression, correlation coefficient (r) and coefficient of deter-
mination (R?) have frequently been used to explain how well the
simulated data, y (dependent variable), against the observed data,
x (independent variable). After a statistical test on regression (F or
R?), further statistical tests of the null hypothesis Ho: =0, f=1
should be carried out (Willmott, 1981; Kobayashi and Salam,
2000; Yang et al., 2000; Moriasi et al., 2007). The linear model is;

y=o+px+e (1)

where o and p are the regression intercept and slope respectively,
and ¢ is a random error. The t-test can be used to test the HO:

o =0 and HO: g =1 because t, = (a — «)/S, and t, = (b — B)/S, follow
a t (n—2) distribution, where a and b are the ordinary least square
measures of the parameter o and g in Eq. (1).

Hy is maintained when the intercept (o) and slope (f) are not
significantly different from 0 and 1, respectively’. If the variance
of error, ¢, is larger, the differences between y and x will be impor-
tant even if the regression parameter, g, is not significantly differ-
ent from one. In this case, regression significance should be tested
by either F test or R%. When testing R?, Ho hypothesis should be
B =0 because the R? is insensitive to the intercept «, Particularly,
the R? measures the proportion of the variation in y which is ac-
counted by the linear model y = o + fix + ¢. Thus, R? tests the “good-
ness of fit” of the linear model Eq. (1) with clear physical meaning
of the R? value between 0 and 1. The R? = 1 indicates a perfect fit of
Eq. (1), and the R? = 0 indicates that there is no linear relation.

Unfortunately, the R? has a serious limitation on the evaluation
of model outputs that has been reported since the 1970s (McCuen
and Snyder, 1975; Willmott, 1981; Legates and McCabe, 1999;
Kobayashi and Salam, 2000). Because R? =2, we only focus on R?
in following discussion. In fact, R? only estimates linear relation-
ship between two variables and it is not sensitive to additive
(regression intercept a) and proportional differences (regression
slope b) between the model simulated and observed data
(Willmott, 1981). In other word, R?> =1 can be demonstrated with
any non-zero value of intercept a slope b in Eq. (1) (Legates and
McCabe, 1999). To avoid this, Krause et al. (2005) provided a
weighted version of wR?=|b| x R> (b<0) and wR?>=b"! x R?
(b >0) under condition of coefficient a=0. Moriasi et al. (2007)
provided model evaluation guidelines and also addressed the lim-
itation of R? for the model evaluation although both r and R? are
still being used for model evaluations (Akinremi et al., 2005;
Rinaldi et al., 2007; Cao et al., 2012).

2.1.2. Student t test

In model evaluation, a student t test can be used to test the zero
hypothesis Ho: d = (4, — u,) = 0, where p, and L are the popula-
tion means of the simulated data y; and observed data x;,

i=1,2,...,n, respectively,

Paired — t = d/sd 2)

where S; = \/Z (di —d)’/n(n—1) is the standard deviation of d.
The student t test has a different purpose. In the model evaluation,
it was used to test whether the model mean deviation (d) differ sig-
nificantly from 0. If the calculated [t| < t, (n — 1), where t,(n — 1) is
a critical value assuming that the true mean difference is zero,
o =0.05 (or 0.01) is the significant levels with n — 1 the degree of
the freedom, we conclude that the model simulated average y has
no statistical difference from the observed average x. It is true that
ify;=x; foralli=1,...,n, then y = &, but the converse clearly is not
true; meaning that y = x does not imply y;=x; for all simulated
points n, Therefore, the t-test is just a test of unbiasedness of the
mean values.

In the ordinary least square linear model (Eq. (1)), the error
term ¢ is assumed to be normal, independent and having a uniform
variance and in the student-t test (Eq. (2)), d is assumed a normal
variable. In crop growth and soil process simulation, time series
variables (such as aboveground biomass, soil water content and
soil N dynamics) are accumulated data over time (i.e., days from
planting to harvest), meaning that these data may have autocorre-
lation with values in pasts periods and this will result in the error
term, ¢, in Eq. (1) to exhibit autocorrelation and/or heteroskedasti-
caity. For this reason, tests of autocorrelation and heteroskedastic-
ity are necessary before using the least square linear regression.
Test results revealed that most of the time series datasets showed
significant autocorrelation and heteroskedasticity and almost half
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of the datasets violated the normal distribution in the error term
(please read Appendix A for details).

2.2. Deviation statistics

To overcome the limitation of correlation-based statistics, effi-
ciency measures have been developed in recent decades to test
deviation (d = y - x) directly. A simple statistical index is the mean
error (E) (Addiscott and Whitmore, 1987; Yang et al., 2000)

E= Y i —x)/n 3)

where i=1,2,...,n. The mean error E measures whether the model
simulated y tend to overestimate (E >0) or underestimate (E < 0)
the observed x data. E is identical to d in Eq. (2), Therefore, the sig-
nificant difference of E can be tested by a paired-t test (Akinremi
et al., 2005; Liu et al., 2013). The disadvantage is that the positive
and negative errors can negate each other in the E value. For in-
stance, a larger positive and negative deviations can still yield a
E=0. Due to this limitation, the sum of squares-based measures
was developed. This paper only discusses root mean square error
(RMSE), modeling efficiency (EF) and index of agreement (d) as
below:

RMSE = />~ (y; — x:)*/n (4)
The relative RMSE is expressed as

nRMSE = RMSE/x x 100 (5)

EF=1-3" (i —x)*/ 3 (% —%)? (6)

d=1->" =%/ (i — X+ x —y])° (7)

The RMSE take on the same unit of deviation, y — x, and it is
commonly used in both model calibration and validation processes
(Loague and Green, 1991). In testing, it was found that the RMSE
could not be used for inter comparisons for many state variables
with different units, such as biomass, LAl and N concentration in
plant. In these cases, nRMSE is used as a relative measure for inter
comparisons of different variables or different models (Priesack
et al., 2006).

The modeling efficiency, EF (—oo to 1), was first introduced by
Nash and Sutcliffe (1970) to test modeling efficiency of their river
flow model and later was widely used in modeling evaluation with
several different names; such as modeling efficiency (Loague and
Green, 1991; Mayer and Butler, 1993); Nash-Sutcliffe Efficiency
(NSE) (Moriasi et al., 2007) and coefficient of efficiency (Legates
and McCabe, 1999; Willmott et al., 1985, 2011). EF is a dimension-
less measure, an EF = 1 corresponds to a perfect match of modeled
output with the observed data and EF < 1 for any realistic simula-
tion. EF <0 if the model predicted values are worse than simply
using the observed mean (X) to replace the simulated y;. To some
extent, EF > 0 is a critical condition to conclude “goodness of
match” between the simulated and the observed.

The index of agreement, d (0 <d < 1), is a dimensionless and
bounded measure originally provided by Willmott (1982). It has
been recommended by many modelers to conduct cross-compari-
sons between simulated and observed data (Legates and McCabe
1999; Krause et al., 2005; Moriasi et al., 2007). Similar to EF, d sta-
tistic is a sum of squares-based, dimensionless statistics, mainly
used to depict the degree to which the deviation toward zero. Both
statistics are suitable to compare accuracies of many output vari-
ables together.

However, the main disadvantages of the sum of squares-based
statistics (such as EF and d) are that they are more sensitive to lar-
ger deviations than smaller deviations. Legates and McCable

(1999) pointed out that EF was overly sensitive to extreme values,
as was R? because of the squared differences. Krause et al. (2005)
summarized that the largest disadvantage of EF and d statistics
was the fact that the differences between the simulated and ob-
served values were calculated as squared values. As a result, these
sums of squares-based statistics are overly sensitive to outliers or
larger deviations due to the squaring of the deviation term
(Willmott et al., 2011). This can result in that the EF and d are
strongly influenced by larger (higher) deviations while smaller
deviations are counted much less in a time series (Legates and
McCabe, 1999; Krause et al., 2005).

As discussed above, the sum of squares-based statistics are eas-
ily inflated by the squaring the deviation term, the sum of absolute
values-based statistics were therefore constructed to overcome
this problem (Willmott et al., 1985, 2011; Legates and Mccabe,
1999). The mean absolute error (MAE), the modified modeling effi-
ciency (EF;), the modified index of agreement d; and the refined in-
dex of agreement d; are all the sum of absolute values-based
statistics, defined as below:

MAE =" ly; — xil/n (8)

The relative MAE is expressed as

C = MAE/X 9)
EFy =1-> |y, —xil/ Y Ixi — X (10)
dv =1 yi—xl/ > (vi — x| + xi — X]) (11)
di=1-3 lyi—xl/2) |x —¥ (12)

By definition, MAE reduces the inflation of the outlier compared
with RMSE (Willmott et al., 1985) while it takes on the same units
of y — x and are mainly used as measures of accuracy to compare
the output of the same variables. C value is a relative average sta-
tistic of the MAE, which is expressed as a proportion of the mean of
the observed variable y. Both MAE and RMSE > 0, with the
MAE < RMSE. The relative criteria C and nRMSE are correlated.

EF; is the modified EF by replacing sum of squares term by the
sum of absolute values of y — x. Compared with EF, EF; also ranged
from —oo to 1.0 but it is less sensitive to extreme values (Legates
and McCabe, 1999).

The modified index of agreement, d;, was first given by Will-
mott et al. (1985) to overcome the inflating effect of the extreme
values in the sum of squares-based index of agreement, d. Another
advantage of d; over d was that it approached 1.0 more slowly as
simulated y approached the observed x, but it was still suboptimal
due to the same narrow range of 0-1.0 and difficulty in interpret-
ing the values (i.e., difficulty to resolve adequately the great variety
of ways that simulated y can differ from the observed x)(Willmott
et al., 2011). Another fact is that the d and d; values are relative
high even though the substantial deviation is evident (see case
study section). For the above reason, a refined index of agreement,
d;, was constructed to enlarge the range from —1.0 to 1.0 com-
pared with the range of 0-1.0 in d and d,. d] also has clear physical
meanings of the value. For example, d; = 0.5 indicates that sum of
the errors magnitude is half of the sum of the perfect-model-devi-
ation and observed-deviation magnitude Willmott et al. (2011).

In addition to EF;, d, and d;, there are more generic forms of
absolute values-based measures, by adding a power j to the abso-
lute term |y — x} to Egs. (10)-(12). j =1 was used in this study be-
cause they are often used and discussed in literatures (NLegates
and McCabe, 1999; Krause et al., 2005; Willmott et al., 2011).
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3. Case study: evaluation of DSSAT model
3.1. Methods

A case study was conducted to illustrate the evaluation statis-
tics discussed in the previous section in relation to the DSSAT Crop-
ping Systems Model (CSM). Four different crop modules were used
in this study corresponding to the CSM-CERES-Maize, CSM-CERES-
Wheat, CSM-CROPGRO-Soybean and -Peanut and CSM-SUBTOR-
Potato in the DSSAT (Hoogenboom et al., 2010). The EasyGrapher
software was used to conduct the statistical evaluations of the
DSSAT CSM models (Yang and Huffman, 2003, 2004; Yang et al.,
2010). The EasyGrapher software was developed to provide graph-
ical and statistical analysis for DSSAT v4.x (i.e., v4.0, v4.5).

3.2. Field experiments

Ten field experiments were selected from Brazil, China, Ghana,
and the USA to conduct the statistical evaluation using Eqs. (1)-
(12) and to determine the co-variability of deviation statistics (EF,
EF;, d, d, and d}). All experiments contained about 2-10 treatments
with single factor, 2 x 2 or 2 x 3 factorial designs, including one
peanut experiment, five maize experiments, two soybean experi-
ments, one wheat experiment and one potato experiment (Table 1).

One soybean experiment with three treatments of irrigation in
1981 (UFGA8101 in Table 1) and one maize experiment with 6
treatments of 3 levels of irrigation by 2 levels of fertilizer N in
1982 (UFGAS8201 in Table 1) were selected from the DSSAT exper-
iments as an “example 1” to illustrate statistical behaviors of devi-
ation statistics, linear regression and R%. These experiments
included detailed observed plant growth dataset for model evalu-
ation. Two maize fertilizer experiments that were conducted in
2008 and 2009 (CHUNO0801 and CHUNO0901 in Table 1) consisted
of three nitrogen fertilizer treatments (0, 120 and 240 kg N ha ')
with three replicates in Jilin China. The aboveground biomass,
plant N and soil mineral N (NOs;-N and NH4-N) contents were
measured in every 2-3 weeks during the growing seasons. Details
of the field experiments were reported by Yang et al. (2011a,b). The
2008 experiment was used as an “example 2” to show soil NO3-N
evaluation. One peanut experiment that was conducted in 1998 in
Ghana was selected as an “example 3” to show soil water content
evaluation. Six treatments (3 planting dates by 2 cultivars) were
selected from this experiment with the measured soil water con-
tents during growing season in Tamala, Ghana (see Table 1,
GHNY9801) for this study. The volumetric soil water content at

the different depth was measured every 5-15 days and only 5-
15 cm depth data was discussed in this paper.

The time-series datasets from the above 10 experiments had
12-147 separate observations, which depended on the frequency
of the measurements for each experiment during the growing sea-
son (Table 1). The observations in the time-series data included top
weight, N uptake, grain yield and the maximum LAI from the USA
and Brazil experiments (Table 1). The datasets are valuable for
investigating the model evaluation statistics.

3.3. Statistical evaluation

3.3.1. Example 1: evaluation of plant growth and nitrogen

Evaluation example 1 was carried out using one soybean exper-
iment and one maize experiment from the USA (see UFGA8101 and
UFGA8201 in Table 1) as shown in Fig. 1. In the irrigated field in
example 1, the simulated soybean top weight in the irrigated field
was well matched by the observed data (Fig. 1a). The small devia-
tion of RMSE =518 kg ha~! (nRMSE = 12%) and MAE=411kgha™!
(C=0.10) were found between the simulated top weight with the
observed data and a negative mean error E = —16 kg ha™!, indicat-
ing that the model slightly underestimated the observed top
weight. In the rainfed condition, the top weight was systematically
underestimated by the DSSAT model compared to the observed val-
ues during growing season (Fig. 1b). The deviation was larger and
effectively estimated by the RMSE =887 kgha™! (nRMSE =21%),
MAE =699 kg ha™! (C=0.16). The E=-699 kg ha~!, where the
absolute value of E = MAE in this example due to all negative devi-
ations (i.e., y; — x; < 0 for all i) (Table 2). The above examples illus-
trate that the E value changed effectively to measures mean
differences and directions (i.e., negative E values indicate underes-
timation). Meanwhile, the RMSE (nRSME) and MAE (C) changed sub-
stantially from smaller values in the irrigated field in example 1
(Fig. 1a) to larger values in the rainfed condition (Fig. 1b).

Both maize tops N and stem N from example 1 were all system-
atically overestimated by the DSSAT model compared with the ob-
served data (Fig. 1c and d) as indicated by positive mean error
E=36kgNha! for maize tops N, and E=14 kg N ha~! for maize
stem N. The larger deviations between the simulated and observed
tops N and stem N were estimated by values of nRMSE = 67% and
103% and C=0.59 and 0.80 for maize tops N and stem N, respec-
tively (Table 2).

The dimensionless statistics of d and EF families showed differ-
ent sensitivity to deviations in both soybean and maize in example
1 simulations. Among them, d statistic is the most insensitive mea-
sure to the deviation ranging from 0.99 to 0.79 compared with the

Table 1
Experimental datasets for evaluation of the Cropping System Model for maize, peanut, soybean, wheat and potato.
Crop DSSAT Experiment State or province | LAT LONG Simulated output Number of Reference
crop file (treatment) country variables observed dataset

1. Maize CHUNO0801 Notrogen (3) Jilin China 439N 125.2E Soil NH4-N, NO3-N 33 Yang et al. (2011a)

2. Maize CHUNO0901 Notrogen (3) Jilin China 439N 125.2E Soil NH4-N, NO3-N 21 Yang et al. (2011b)

3. Peanut GHNY9801 Planting date x Tamale Ghana 9.42N —0.92W  Soil water 143-147 DSSAT v4.5

Cultivar (4x2)
4. Maize BRP10202 Soil, irrigation & N SP Brazil 22.43S  47.25W  Top (leaf) weight, LAI 32-48 Soler (2004, 2005,
(2x2x2) 2007a,b)

5. Maize IBWA8301 Cultivar & N (2x3) Hawaii USA 21.00N 158.00W Top (leaf, steam, grain) 21-33 Ritchie et al.
weight, LAI (1993)

6. Maize UFGA8201  Irrigation & N (3x2)  Florida USA 29.63N 82.37W  PlantN 18-66 Tsuji et al. (1998)

7. Soybean UFGA7801  Irrigation (2) Florida USA 29.63N 82.37W  Top (grain) weight, 12-28 DSSAT v4.5
maximum LAI

8. Soybean UFGA8101 lirrigation (3) Florida USA 29.63N 82.37W  Top (grain) weight, 30-91 DSSAT v4.5
maximum LAI

9. Wheat KKSAS8101 Irrigation & N (2x3)  Kansas USA 37.2N 99.8W Top (leaf, steam, grain) 12-72 Wagger (1983)
weight, LAI

10. Potato 0SB08801  Soil (10) Oregon USA 45.8N 119.3W  Top (tuber, leaf) weight, 57-109 DSSAT v4.5

LAI
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Fig. 1. Evaluation example 1: Comparison of simulated and observed above ground biomass for soybean under irrigated (a) and rainfed conditions (b) using a soybean
irrigation experiment in 1981; and comparison of simulated and observed above ground N (c) and stem N (d) for maize using a maize N and irrigation experiment in 1982.

ranges of d; from 0.85 to 0.43 and d; from 0.91 to 0.33. The ranges
of EF and EF; were 0.96 to —0.69 and 0.83 to —0.34, respectively
among 4 output variables in example 1 (Table 2), showing that
the EF and EF; had relatively larger range than d, d; and d;.

In evaluation of soybean and maize growth variables in exam-
ple 1, linear regression and R?> were not suggested to use due to
the fact that R? is not sensitive to additive and proportional differ-
ences as discussed in “Testing statistics” section. To illustrate this,
two linear equations were obtained for soybean top weight in both
irrigated and rainfed fields between the simulated and observed
values, but two R? values were very similar, i.e, R?>=0.97
(y=-127+1.03x) in the irrigated field, and R?=0.96
(y = —-272 +0.9x) in the rainfed field (Fig. 1a and b). Similarly, in
maize study in example 1, two different linear regressions were
obtained but with very similar R? = 0.88 (y = 35 + 1.02x) for maize
tops N (Fig. 1c) and R?>=0.83 (y =4.6 + 1.52x) for maize stem N
even if the intercept a and regression slope b were significantly dif-
ferent from O and 1 (Fig. 1d). This example clearly demonstrated
that the R? is insensitive to the additive (estimated coefficient a)
and proportional changes (estimated coefficient b). However,
paired-t statistic can be used to test the mean difference effec-
tively; i.e., paired-t=-0.17 (soybean irrigated field) and —7.12
(soybean rainfed field) and paired-t=12.29 (maize tops N) and
7.65 (maize stem N) in example 1 (Table 2), indicating that only
insignificant difference was found in soybean tops weight in the
irrigated field while all others showed significant mean differences
between the simulated and measure dataset (Fig. 1 and Table 2).

3.3.2. Example 2: evaluation of soil nitrate nitrogen

Evaluation example 2 was carried out using soil nitrate nitrogen
(NOs-N) dataset including NO, N120 and N240 treatments from the
experiment 1 (CHUNO801) (Table 1). Overall statistical evaluation
showed that the model underestimated the soil NOs-N in the 0-
30 cm soil layer across three treatments (Table 2). The RMSE
(nRMSE) and MAE (C) values were 20.0kgNha! (81%) and

16.3 kg N ha~' (C=0.66), respectively, indicating a larger deviation
between the simulated and measured soil NO3-N. Further statisti-
cal evaluation by E=-11.6kgNha! and paired-t=—-4.21
(p>0.01) showed significant difference between the simulated
and measured soil NO;-N content. The calculated values of
EF=0.10 and EF; = —0.08 indicated that the estimated value was
slightly (or no) better than the observed mean although the values
of d, d, and d; were relative larger, i.e., 0.76, 0.48 and 0.46, respec-
tively (Table 2).

In order to find which treatment had larger simulation error,
the statistical evaluations were made on each treatment. The cal-
culated values of RMSE (nRSME) were 18.0 (113%), 24.3 (84%),
17.2 (59%) and MAE (C) were 14.8 (0.93), 20.2 (0.70), 13.9 (0.48)
kg N ha~! from NO, N120 and N240, respectively, indicating that
larger deviations were found in the NO and N120 than N240 treat-
ments. Calculated values of E were -14.8, -20.2 and
0.10 kg N ha~! with the paired-t values of —4.80 (p(t < t,) < 0.001),
—4.96 (p(t < t;)<0.001) and 0.01 in the NO, N120 and N240 treat-
ment, respectively, indicating that the model underestimated soil
NO3-N significantly in the NO and N120 treatments, but no statis-
tical mean difference was found in the N240 treatment (Table 2;
Fig. 2). For comparison purpose, the R? (0.62) showed a high corre-
lation between the simulated and measured soil NO3-N in the
N240 treatment while R? (0.04) showed the worst correlation in
the NO compared with N120 and N240 treatments (Table 2).

The calculated values of d, d; and d; ranged from 0.40 to 0.88,
0.33 to 0.60 and 0.00 to 0.67 in the NO, N120 and N240, respec-
tively. The calculated values of EF were —2.13, —0.56, 0.60, and
EF; were —1.00, —0.41 and 0.34, in the NO, N120 and N240 treat-
ments, respectively, clearly indicating that poor agreements for
the NO and N120 treatments, but a reasonable agreement was in
the N240 treatment (Table 2; Fig. 2). This example illustrates that
the top soil NO3-N data ranged greatly from 0.0 to 100 kg N ha™!
depending on treatments (i.e., fertilizer N application rates). The
overall evaluation among three treatments was ineffective and it
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Table 2

Statistical evaluation of the DSSAT Ccopping System Model using field experimental data from the USA, China and Ghana.

Example 3

Example 2

Example 1

Example

Example 3 (GHNY9801)

Maize (CHUNOS01)

Maize (UFGAS201)

Top N
All

Soybean (UFGA8101)

Experiments

Soil water content in the 5-15 cm (cm® cm3)

Soil NO5-N in the 0-30 cm (kg N ha™1)

Stem N
All

Top weight

Top weight

Variables

P230
0.17
24

P200
0.21
42

P170
0.18
46

Total

N240
293
12

N120
29.0
12

NO

Total

Rainfed
4309
32

Irrigated
4210
31

Treatments

0.19
112

159
12

24.7
36

19
48

62
48

Measured mean
Sample number

RMSE

0.04
214

0.04
20.7

0.07
40.6

0.06
29.9

17.2
59

24.2
84

18.0
113

20.0
81

19
103
15

42

887
21

518
12
411

67
37

nRMSE
MAE

0.03
0.19

0.03
0.16

0.06
0.33
0.03
3.43

0.04
0.24
0.01
1.51
0.13
0.39
0.21
0.78
0.56

20.2 139
0.7

14.8

16.3

699

0.48
0.10
0.01
0.

0.93

0.66

0.80

14

0.59

36

0.16

0.10
-16

-0.01
-1.79
0.09
0.85
0.59
0.95
0.71
0.80
0.97

—-0.01
-1.14
0.26
0.59
0.32
0.86
0.60
0.66
0.61

-20.20
-4.96
<0.001
—-0.56
-0.41
0.57
0.42
0.30
0.55

-14.80
-4.80
<0.001
-2.13
-1.00
0.40
0.33

-11.60
-4.21
<0.001

0.

—-699
-7.12
<0.001
0.89
0.71
0.97
0.78

7.65

12.29

-0.17
0.87
0.96
0.83
0.99
0.85

Paired-t

<0.001
-0.61
-0.28
0.45
0.44
0.36
0.01

99

<0.001
-0.69
-0.34
0.79
0.43

<0.001
0.39
0.10
0.87
0.53

p(t < tg) two tails

EF
EF,

0.60
0.

10

34

~0.08
0.76
0.48
0.46
0.47

0.88
0.60
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d;

0.61
0.41

0.67
0.62

0.00
0.04

0.33
0.83

0.55
0.88

0.86
0.96

0.91
0.97

may result in a wrong conclusion that the simulated soil NO3-N
was significantly lower than the measured dataset in all treat-
ments (i.e., paired t=—4.21 and EF=0.10 (Table 2). In this situa-
tion, both graphical and statistical evaluations on individual
treatment are necessary to conclude that the model closely simu-
lated soil NO3-N in higher N condition, such as in N240 (i.e., paired
t=0.01, EF = 0.60), and it significantly underestimated soil NO3-N
in lower N condition, especially in the NO treatment (i.e., paired
t=-4.80, EF = —2.13) (Table 2, Fig. 2).

3.3.3. Example 3: evaluation of soil water content

Evaluation example 3 was carried out using soil water content
dataset including three treatments of planting days from the pea-
nut experiment in Ghana (GHNY9801 in Table 1). The simulated
soil water content generally matched with the measured data
across three treatments of the planting date 170, 200 and 230
(Fig. 3). Across these three treatments, RMSE (nRMSE) and MAE
(C) values were 0.06 (29.9%) and 0.04 (0.24) cm® cm 3, respec-
tively, indicating a substantial deviation between the simulated
and measured data. E value of 0.01 cm® cm > was tested by
paired-t value of 1.51, indicating that no statistical difference
was found between the simulated and measured soil water content
from overall treatments. The dimensionless statistics showed over-
all reasonable agreements with different statistical values in the
order of d (0.78) > d, (0.61) > d; (0.56) > EF (0.39) > EF; (0.21) (Ta-
ble 2 and Fig. 3).

When evaluating soil water content in each of three treatments
(i.e., planting day 170, 200 and 230) separately, the values of the
RMSE (nRMSE) were 0.07, 0.04 and 0.04 cm® cm~ (40.6%, 20.7%
and 21.4%), and values of the MAE (C) were 0.06, 0.03 and
0.03 cm® cm~3 (0.33, 0.16 and 0.19). These values indicated that
the differences can be effectively estimated by the relative values
of nRMSE and C although the RMSE and MAE showed no or little dif-
ferences among planting day 200 and 230 treatments.

The E values of 0.03, —0.01 and —0.01 cm® cm 3 were tested by
the paired-t values of 3.43, —1.14 and —1.79 in the three treat-
ments, respectively, indicating that the statistical significant differ-
ence was only found in planting day 170 (Table 2), and this was
also evidenced graphically (Fig. 3).

The dimensionless values of d, dy, d; ranged from 0.45 to 0.95,
0.44 to 0.71 and 0.36 to 0.80 from planting day 170 to 230, and
the values of EF and EF; ranged from —0.61 to 0.85 and —0.28 to
0.59, indicating that planting day 230 had the best match between
the simulated and measured soil water content in the 5-15cm
layer among three treatments. Among 5 dimensionless statistics,
d showed the highest value while EF; showed the lowest value.
On the other hand, EF showed the largest range of 1.46 compared
with the ranges of EF; (0.87), d (0.50), d; (0.27) and d; (0.44) among
the three treatments. For the comparison purpose, R? values of 0.97
and 0.01 in the planting days of 230 and 170 treatments, respec-
tively, showing a similar trend to the EF values in this example.
This example illustrates that the soil water content data had a nar-
row range of 0.0-0.5 cm®cm~3 and values of RMSE, MAE and E
were all difficult to evaluate the differences among three treat-
ments while relative measures of nRMSE and C showed substantial
differences effectively among the treatments, and paired-t tested
significance of the mean error E effectively.

3.4. Co-variability among statistics

Co-variability analysis among statistics was carried out using 10
field experiments (Table 1). Of these, 51 plant growth outputs were
evaluated from seven experiments in the USA and Brazil, including
output state variables of top weights, stem and leaf weights, grain
dry weights, LAI, harvest index and leaf N concentration etc. Total
of 22 soil mineral N outputs (soil NO3-N plus NH4-N) were
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Fig. 2. Evaluation example 2: Comparison of the simulated soil NO3-N (line) in the soil profile with the measured dataset (symbol) in the growing seasons under the NO (a),

N120 (b) and N240 (c).

evaluated wusing two nitrogen experiments (CHUNO801,
CHUNO0901) in Jilin China (Table 1), including total soil mineral N
in whole soil profile, NH4~N and mineral N contents from the
15-30, 30-45, 45-60, 60-70 and 70-80 cm layers.

From the definition, we know that the EF and EF; values ranged
from —oo to 1, d and d, ranged from 0 to 1 and d, ranged from —1
to 1. Because the EF=0 has a clearly physical meaning, we are
interested in analyzing the ranges of d, d, and d; when EF (or
EF;) value approached 0. To illustrate these relationships, we need
to analyze co-variability between d, d; and d versus EF (Fig. 4a and
b); d, d, and d; versus EF; (Fig. 4c and d); EF, versus EF (Fig. 4e) and
d, d, versus d, (Fig. 4f).

It is clear that d differs greatly from EF in our example, the cal-
culated EF values ranged from —7.04 to 0.98 and d values ranged
from 0.42 to 0.99 (Fig. 4a). If we sort all statistics from the largest
to the smallest by EF values, then regress these d values that corre-
sponds to all positive EF values, we obtain a linear regression is
d=0.7531 + 0.244 EF with R?> = 0.91. This illustrates that EF and d
values can be expressed as a linear relationship when EF values
greater than 0. When EF =0, d = 0.75; when EF values < 0, d value
showed much scatter positive values between 0 and 0.75
(Fig. 4a). Negative values of EF indicated that the simulation was
worse than simply using the measured mean, i.e., a very poor
match between the simulated and measured data. When d statistic
is used alone, caution should be made because values of d can be
relatively high (>0.70) despite the poor match (i.e., EF < 0). This dis-
advantage of d was reported by Krause et al. (2005). The ranges of
dy and d; were 0.23 to 0.88, and —0.41 to 0.93, respectively, and
both d; and d; showed positive correlations with EF (i.e., r = 0.84
and 0.95, respectively) (Fig. 4b). The values of EF = 0 corresponded
the values of d; and d; at 0.50.

The range of values for EF; was —2.37 to 0.86 and the correla-
tion between d and EF; was similar to d and EF (Fig. 4c). A linear

regression of these d values that corresponds to all positive EF; val-
ues was d = 0.7938 + 0.241 EF; with R? = 0.90. When EF; values < 0,
d value showed much scatted positive values between 0 and 0.79.
Both d; and d; showed curve linear relationships with EF; (Fig. 4d),
and the correlation coefficients between d, d’1 and EF; were 0.95
and 1.00, respectively. The value of EF; = 0 corresponded to the val-
ues of d; and d; of 0.50.

The values of EF and EF; showed close positive correlation
(r=0.95) but the range of EF was larger than EF; (Fig. 4e). The val-
ues of d; and d) showed close curve linear relationship with corre-
lation coefficient of 0.95 (Fig. 4f). The values of d and d; showed
similar positive correlation pattern to d and EF; with r = 0.83. Com-
pared d, d; with d}, it was evident that the ranges of d; doubled
that of d, d;.

4. Discussion

The values of d showed a narrow range when using only 51 crop
growth variables from seven USA and Brazil experiments (Table 1).
For instance, d values ranged from 0.90 to 0.99 in 34 of 51 plant
growth variables/outputs from seven experiments only, while d;
and d] ranged from 0.57 to 0.88 and 0.62 to 0.93, respectively. This
illustrated that d; and d; had better value ranges than d. In the
same dataset, EF and EF, ranged from 0.56 to 0.98 and 0.23 to
0.86, respectively, indicating that both EF and EF; had reasonable
ranges while EF > EF;. For all dimensionless measures, the EF and
d; showed good statistical behaviors in that they have a clearly
physical meaning when the values approached zero. When using
these statistics to evaluate plant growth outputs from the DSSAT
CSMs, EF>0 and d > 0.75 should be the minimum values for top
(leaf, stem) weights, grain yield and LAL

When analyzing the 30 output variables in soil water contents
and soil mineral N experiments from Tamale Ghana and China’s
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Fig. 3. Evaluation example 3: Comparison of simulated soil water content (line) with the measured dataset (symbol) for peanut under three treatments each with two

cultivars in the growing season under planting days of 170 (a), 200 (b) and 230 (c).
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Fig. 4. Co-variability analysis of deviation statistics from 81 calculated values of d (open circle), d; (triangle), d; (open square) and EF, (circle) with EF using dataset from

Table 1.

experiments (Table 1), d, d; and d] ranged from 0.57 to 0.88, 0.23 to
0.51 and —-0.41 to 0.52, respectively. This illustrated that both d
and d; had smaller ranges than d). In the same 30 dataset, EF
and EF; ranged from —0.74 to 0.18 and —2.37 to 0.00, respectively,
and 8 of 30 paired-t values showed no statistical difference. This
illustrated that the model simulated soil water and soil mineral
N contents may have larger deviations than the plant growth vari-
ables, such as top weight and yield. The larger deviations in simu-
lated soil water and soil mineral N contents than top weight and
yield can be explained by the fact that the DSSAT model calibra-
tions were usually made on the plant growth (i.e., top weight, yield
and LAI) but few calibrations was on the soil water and soil nitro-
gen parameters due to the limited observation dataset.

Therefore, the evaluation results of d and EF values on soil out-
puts might be interpreted using a different subjective criteria from
plant growth variables, such as that a reasonable agreement could
be made from EF > —1.0 and d > 0.60 together with a t-test.

In addition, a statistical evaluation should be made individually
from each treatment if N treatments (levels) are largely different
from each other. All statistics were sensitive to the larger devia-
tions between the simulated and measured soil mineral N. Among
these, t-test is a good statistic to test significant difference of the
mean error E; relative measure, nRMSE and C were suggested to
diagnose the average deviation. The reasons why the DSSAT soil
model underestimated soil NO3-N in the NO and N120 treatments
can be explained as follows: it is possible that the model calibra-
tion was made based on ample N condition, such as N240 in this
study, and the model did not have sufficient input data of manure
application or previous crop credit.

5. Recommendation

Statistical analysis is an important procedure during model cal-
ibration and evaluation, but there is no standard way on how many
and which statistic should be used. Correlation based statistics (r
and R?) are not suggested for model evaluation because both are
insensitive to additive (regression intercept) and proportional dif-
ferences (regression slope). Lineal regression (test HO: a=0 and
b=1) can only be used to evaluate the model outputs with the

observed data when the time series datasets follow three assump-
tions of independence, normality and homoskedasitacity in the er-
ror term. For the paired t statistic, the difference d follows
assumptions of independence and normality and it does not need
the equal variance (Snedecor and Cochran, 1976; Yang et al,,
2000). The deviation statistics, by definitions of Egs. (3)-(10), do
not need the error term follow three assumptions because they
are not hypothesis tests. However, it was assumed that all the error
in deviation statistics was contained within the simulated variable
y, and that the observed x is error free (Willmott et al., 1985).

Deviation statistics RMSE and MAE are good for use in model
calibration stage because both have the same unit as the observed
and simulated variables. Mean error E is a good index to determine
if the model under- (negative) or over-estimates (positive) the ob-
served data, while the paired-t can be used to test the significant
difference of E. The dimensionless measures d, d; and d’], EF and
EF; are all widely used deviation statistics for model evaluation.
Among them, the value for d is easily inflated by the sum of
squires-based deviations, and has large values even if the simula-
tion is poor. The value of EF is also inflated by the sum of
squares-based deviations, but EF has a larger range that makes it
superior to d. In this paper, we suggest that the EF > 0 and
d > 0.75 should be the minimum values for evaluating plant
growth outputs, while EF > —1.0 and d > 0.60 should be the min-
imum values for evaluating soil water and mineral N outputs to-
gether with a t-test result.

Both d; and d and EF; are the sum of absolute errors-based sta-
tistics, and had larger ranges than d, but these statistics are difficult
to obtain a larger value. Due to the statistical nature, no single sta-
tistic is robust over another but some statistics are highly corre-
lated that should not be used in the same evaluation. On the
other hand, statistics can be select to capture different aspects of
the model and observation difference. Therefore, several statistics
may be selected from each of following correlated groups (RMSE,
MAE), (E, t-test), (d, d,, d}) and (EF, EF;) in one assessment of model
evaluation so that a representative statistical conclusion can be
drawn from them. It should be noted that d; and EF; are equal in
this paper and they should not be used in the same evaluation pro-
cess. The statistical evaluation methods that were applied in this
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project for DSSAT can generally be applied for the evaluation of
other simulation models.
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