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Abstract: High-resolution and consistent grid-based climate data are important for model-based
agricultural planning and farm risk assessment. However, the application of models at the regional
scale is constrained by the lack of required high-quality weather data, which may be retrieved from
different sources. This can potentially introduce large uncertainties into the crop simulation results.
Therefore, in this study, we examined the impacts of grid-based time series of weather variables
assembled from the same data source (Approach 1, consistent dataset) and from different sources
(Approach 2, combined dataset) on regional scale crop yield simulations in Ghana, Ethiopia and
Nigeria. There was less variability in the simulated yield under Approach 1, ranging to 58.2%,
45.6% and 8.2% in Ethiopia, Nigeria and Ghana, respectively, compared to those simulated using
datasets retrieved under Approach 2. The two sources of climate data evaluated here were capable
of producing both good and poor estimates of average maize yields ranging from lowest RMSE =

0.31 Mg/ha in Nigeria to highest RMSE = 0.78 Mg/ha under Approach 1 in Ghana, whereas, under
Approach 2, the RMSE ranged from the lowest value of 0.51 Mg/ha in Nigeria to the highest of
0.72 Mg/ha in Ethiopia under Approach 2. The obtained results suggest that Approach 1 introduces
less uncertainty to the yield estimates in large-scale regional simulations, and physical consistency
between meteorological input variables is a relevant factor to consider for crop yield simulations
under rain-fed conditions.

Keywords: maize; crop model; weather data sources; Sub-Saharan Africa

1. Introduction

Weather conditions are one of the important driving factors for analyzing the biophysical processes.
Their influence on these processes are non-linear [1,2], and is dependent on the covariance structure
between weather variables [3]. Process-based crop models have extensively been used in the impact
assessment of climate change on crop production on regional to the global scale, as they consider the
interaction between weather variables and crop management [4]. The quality of crop simulation is
frequently constrained by the lack of the required quality of weather data, which varies depending on
the source, introducing an additional source of uncertainty in crop simulation results [5–7]. Utmost
importance should, therefore, be given to choosing the data source, which otherwise could lead to
incorrect estimations that lead to incorrect policy recommendations.
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Availability of weather data to run crop simulation models at regional scale applications
covering several thousands of square kilometers. In this case, models rely on secondary weather
products (spatialized weather variables) where weather variables are measured only at a few sites [8].
The measured weather variables can be interpolated (generally each variable separately), which is
subsequently used to run the crop model under observed climate conditions. Gridded observational
weather data is often used also to adjust bias in regional climate model simulations, which serve as a
key tool for climate change impact assessment. However, there are several uncertainties with observed
weather data. Many observation stations, particularly in Sub-Saharan Africa, are not equipped to
measure certain weather variables (wind speed, relative humidity, open pan evaporation, etc.). Thus,
these variables are estimated from measured ones based on equations that have been validated in other
regions of the world or at the global scale. The climate data measurement networks, in general, are not
compatible, due to differences in instrumentation, sensor height and data logging [9]. In the absence of
site-specific data, the following data sources can be identified for spatialized crop yield simulation:

(a) Nearest alternative weather stations;
(b) Modelled data from the measurements done on the site (i.e., computing solar radiation values

from the sunshine hours or the air temperature);
(c) Spatially interpolated data from the automated weather station networks;
(d) Artificial weather data estimated from the stochastic weather generator (for example, LARS-WG

weather generator);
(e) Climate forcing datasets (i.e., reanalysis datasets for the past period and global climate model

simulations based on the assumption of future emission scenarios).

Several studies have been done addressing the importance of the quality of point-based and
gridded weather data [10,11] and evaluated the uncertainty introduced in the crop model estimates
by on-site observed data versus partially modelled data and substitute data from nearby sites [7].
Additionally, satellite-derived meteorological products have also been evaluated against model-derived
weather data for maize yield [12–14].

However, to our knowledge, there is no published study estimating the error that might be
introduced in regional yield simulations using weather variables compiled from multiple sources, as
opposed to weather variables from a unique source. Weather variables compiled from multiple sources
are likely to compound errors inherent to each of the data sources. While it is important to properly
characterize errors in order to estimate the uncertainty in crop models, it is difficult to prescribe a
unique distribution for crop model errors when weather variables are compiled from multiple sources.

Therefore, our aim in this study was to analyze the uncertainty introduced to the simulated crop
yields in large-scale regional crop yield simulations when using weather variables from different
sources. We examined the impacts on yield estimates by using weather variables obtained from the
same data source and assembled from different sources (called Approach 1 and 2, respectively, hereafter,
refer to Section 2.2.1 for details).

2. Methods

2.1. Study Regions

This study was carried out in three sub-Saharan countries, namely Ghana, Ethiopia and Nigeria.
The test regions in Ghana was central Ghana (comprises of two regions, namely Ashanti and
Brong-Ahafo), Oromia region in Ethiopia and Ogun, and Kwara and Edo states in Nigeria.

The Ashanti Region is characterized by an average annual rainfall of 1270 mm with an annual
mean temperature of 27 ◦C. The Brong-Ahafo Region has an annual mean temperature of 23.9 ◦C and
the rainfall ranges from an average of 1000 mm in the northern parts to 1400 mm in the southern
parts [15].
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In Ethiopia, the study area covers the Jimma and Bako Zones of Oromia State in Ethiopia,
stretching from west to central Ethiopia. The rationale for choosing these two zones was based on
their representativeness of the west and central major maize producing areas of the country. Jimma
experiences an annual average rainfall of 1000 mm for 8–10 months. The temperature of Jimma zone
varies from 8–28 ◦C. The annual average temperature is 20 ◦C [16]. Bako administrative zone has a
mean annual rainfall of 1217 mm. The temperature ranges 14.1 ◦C–28.3 ◦C [16].

In Nigeria, the study region encompasses Ogun, Kwara and Edo states, located in the southwestern,
western, and southern part, respectively. Ogun is located in the humid tropical zone with the growing
season starting in April and ending in November, followed by a 4 months’ dry season (December to
March). The average annual rainfall is 1517 mm. The average temperature spans from 23 ◦C in July to
32 ◦C in February. Kwara is situated in the tropical savannah zone of Nigeria, with a mean annual
rainfall of 1231 mm and an annual mean temperature of 28 ◦C. Edo has two distinct climate seasons,
the rainy and the dry season. The rainy season extends from April to October with a two-week break
in August. The average rainfall varies from 1500 mm in the far north to the 2500 mm in the south.
The average temperature ranges between 25 ◦C in the rainy season and 28 ◦C in the dry season.

2.2. Climate and Soil Data

2.2.1. Climate Dataset

Grid-based climate data sets for the three regions were compiled according to two approaches
(Table 1).

(a) Approach 1 (Single-sourced weather dataset): The climate data used is from Princeton
University [17]. The dataset was made by the combination of global observation-based datasets and the
NCEP/NCAR reanalysis dataset. As this dataset is the result of simulation runs with a physically based,
deterministic climate model, the bias-corrected output variables constitute a physically consistent set
of weather data. The dataset is available at 10 km2 resolution at daily time step [18] (Table 1).

Table 1. Summary of variables in the dataset used in Approach 1 and 2. Source given in the bracket ()
is used for downscaling the NCEP-NCAR reanalysis coarse data to a finer scale.

Variable (and units) Source (Approach 1) Source (Approach 2) Reference

Solar Radiation
(MJ/m2/day)

NCEP-NCAR
reanalysis SRB release 3.0 [19]

Air temperature (◦C) NCEP (CRU TS2.0) CFSR [20]
Precipitation (mm/day) GPCP ARC2 [21]

TRMM

Wind speed (m/s) NCEP-NCAR
reanalysis CFSR [20]

(b) Approach 2 (Multi-sourced weather dataset): The data et in Approach 2 is a combination of
datasets derived from different independent global datasets and is, therefore, less consistent than the
set of weather data in Approach 1. Precipitation data was derived from the Africa Rainfall Climatology
Version 2 (ARC2) daily rainfall product [22] at a resolution of 0.1 degrees [19]. Solar radiation data
are derived from the SRB dataset. National Centre for Environmental Prediction’s Climate Forecast
System Reanalysis (CFSR) was used [20,23] (Table 1) for the minimum and maximum temperature,
and the wind speed data, available at ~38 km resolution.

2.2.2. Soil Data

Soil related parameters values (sand, silt, clay, organic carbon and bulk density) were derived
from the soil maps of Sub-Sahara Africa at a 1 km × 1 km resolution [24]. Soil water was given at field
capacity, wilting point and saturation were estimated using equations given [25].
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2.3. Crop Yield and Management Data

Sixteen years (1992–2007) of maize yield (Mg/ha) data for the two regions (Ashanti and
Brong-Ahafo) in Ghana have been collected from the Agriculture Statistics & Census Division,
Ministry of Agriculture, Ghana. Obatanpa (a long cycle variety, 110 days) was used in the study
regions [26,27]. A total of 4.0 kg/ha nitrogen and no irrigation was applied in the simulations for
estimating the actual farmers’ yields [15]. The sowing period (i.e., from onset to the end of sowing) of
maize for major sowing seasons were extracted from crop calendar provided by [28] database. For
Ethiopia, maize yields (Mg/ha) over 11 years (1996–2008) for the simulated regions have been collected
from the Central Statistical Agency (CSA), Ethiopia. BH660 (a long cycle variety, 150 days) was used in
the study, as it is one of the most popular and widely grown maize varieties in the country [29]. A total
of 20 kg ha−1 nitrogen and no irrigation was assumed in the simulations [30]. The sowing period
(i.e., from onset to the end of sowing) of maize for major sowing seasons were extracted from the crop
calendar provided by [28] database. For Nigeria, maize yields (Mg/ha) over 17 years (1994–2010) for the
simulated regions have been collected from the Agricultural Production Survey (APS), Nigeria [31,32].
A long cycle variety, 120 days, was used in the study, as it is one of the most popular and widely grown
maize varieties in the country in general, in major maize producing areas like Kwara, Edo and Ogun in
particular, with a low fertilizer application rate of 60, 40.4 and 21 kg/ha, respectively, with an NPK ratio
of 15:15:15 [33] and no irrigation, as practiced by local farmers, was applied to estimate actual farmers
yields. The sowing period (i.e., from onset to the end of sowing) of maize for major sowing seasons
were extracted from [28] database.

2.4. Model Calibration and Evaluation

Crop yields were simulated using the LINTUL5 [34] crop model within the SIMPLACE (Scientific
Impact Assessment and Modelling Platform for Advanced Crop and Ecosystem Management)
modelling framework [35]. The applied LINTUL5 version has extensively been used for cropping
systems analysis in Sub-Saharan Africa [36–40]. Simulation of biomass production is based on
intercepted radiation, according to Lambert–Beer’s law and light use efficiency. Water stress occurs
when the available soil water is between a defined critical point and wilting point or higher than the
field capacity (waterlogging). The critical point is a crop-specific value which is calculated according
to [41] and depends on crop development, soil water tension, and potential transpiration. Water,
nutrients (NPK), temperature, and radiation stresses restrict the daily accumulation of biomass, root
growth, and yield. In this study, ‘Obatanpa’, a maize variety was calibrated against the measurements
collected from field trials and meteorological station data in Northern Ghana. The crop parameters
used are given in Table 2. The data was collected from a field experiment conducted at two locations in
the Tolon/Kumbungu district in northern Ghana. The area lies within the interior northern savanna
agro-ecological zone (i.e., Guinea and Sudan savannah zones) of Ghana at latitude 9.4◦ N, longitude
1.06◦ W and an average elevation of 183 m above mean sea level. The sites were the experimental
field of the Savanna Agricultural Research Institute (SARI) of the Council for Scientific and Industrial
Research (CSIR) at Akukayili and a farmer’s field at Cheshegu (for details, see [15]). The observed and
simulated day of anthesis and day of maturity under fertilized and control (unfertilized) production
treatments agreed well, with the exception of Cheshegu, where the model underestimates the day of
maturity by 8 days under both fertilized and control production treatments (Table 3). The simulated
yield was overestimated by 20%–30% under fertilized conditions, whereas the model did not capture
the grain yield under the control condition, as observed harvest indices were low. The comparison
of simulated and observed Leaf Area Index is also plotted for both sites under fertilized and control
(unfertilized) conditions (Figure 1).
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Table 2. Crop parameters of LINTUL5 used in the study for maize variety ‘Obatanpa’ and ‘BH660’.

Crop parameters Description Unit Value
(Obatanpa/BH660)

TSUM1 Temperature sum from emergence to anthesis ◦C day−1 1060/680
TSUM2 Temperature sum from anthesis to maturity ◦C day−1 990/760

TBASEM Lower threshold temperature for emergence ◦C 8.0
TEFFMX Maximum effective temperature for emergence ◦C 30.0
TSUMEM Temperature sum from sowing to emergence ◦C 56.0
RUE-0.0 Radiation use efficiency at development stage 0 g MJ−1 3.8/3.2

RUE-1.25 Radiation use efficiency at development stage 1.25 g MJ−1 3.8/2.5
RUE-1.50 Radiation use efficiency at development stage 1.50 g MJ−1 3.0/2.2
RUE-1.75 Radiation use efficiency at development stage 1.75 g MJ−1 2.0
RUE-2.0 Radiation use efficiency at development stage 2.0 g MJ−1 1.4

SLATB-0.0 Specific leaf area at development stage 0 m2 g−1 0.022/0.03
SLATB-0.9 Specific leaf area at development stage 0.9 m2 g−1 0.03/0.02
SLATB-1.0 Specific leaf area at development stage 1.0 m2 g−1 0.032/0.02
SLATB-2.0 Specific leaf area at development stage 2.0 m2 g−1 0.02
LAI critical Critical leaf area beyond which leaves die due to self-shading m2 m−2 4

RGRLAI Maximum relative increase in LAI ha ha−1

day−1 0.02

ROOTDI Initial rooting depth m 0.1
ROOTDM Maximum rooting depth m 1
RRDMAX Maximum rate of increase in rooting depth m 0.012

TDWI Initial total crop dry weight kg ha−1 5
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Figure 1. Observed and simulated Leaf Area Index (m2/m2) at two experimental sites Akukayili (upper
row) and Cheshegu (lower row) in Ghana under fertilized and control conditions.

For maize yield simulations in Nigeria, we used the crop parameters from [33]. For maize yield
simulations in Ethiopia, a local variety, ‘BH660’, was calibrated using field experiment data from
Jimma and Bako, and meteorological station data. The simulated anthesis and maturity dates matched
well with the observed values, and simulated yields were overestimated at both the sites in the range
4%–5.4% (for details, see [16]; Table 4). Observed and simulated maize yield (variety BH660) in (Mg/ha)
at two experimental sites, Bako (a) and Jimma (b), in Ethiopia under fertilized conditions, are plotted
with an RMSE of 1.1 Mg/ha and 3.1 Mg/ha, respectively (Figure 2).



Atmosphere 2020, 11, 180 6 of 15

Table 3. Observed and simulated values of grain yield, Aboveground biomass (AGB), Day of Anthesis (DOA), Day of Maturity (DOM), mean residual error (ME), and
mean absolute error (MR), N = number of replicates for the maize variety (Obatanpa) in two sites Akukayili and Cheshegu (Ghana).

Variety Site Treatment N DOA DOA DOM DOM Grain Yield Grain Yield ME MR

Observed Simulated Observed Simulated Observed
(Mg/ha)

Simulated
(Mg/ha)

Grain Yield
(Mg/ha) Grain Yield

Akukayili
Control 4 59 56 103 103 0.3 1.0 0.7 2.3

Fertilized 4 56 56 103 103 2.6 3.5 0.9 0.3
Obatanpa

Cheshegu
Control 4 60 56 111 103 0.3 1.1 0.8 2.7

Fertilized 4 56 56 111 103 2.7 3.3 0.6 0.2

Table 4. Observed and simulated values of grain yield, Day of Anthesis (DOA), Day of Maturity (DOM), mean residual error (ME), and mean absolute error (MR), for
the maize variety BH660 in the two sites Bako and Jimma (Ethiopia).

Variety Site Treatment DOA DOA DOM DOM Grain Yield Grain Yield ME MR

Observed Simulated Observed Simulated Observed
(Mg/ha)

Simulated
(Mg/ha)

Grain Yield
(Mg/ha) Grain Yield

Bako Fertilized 81 82 158 160 9.2 9.7 0.5 5.4
BH660

Jimma Fertilized 70 74 160 161 10.0 10.4 0.4 4.0



Atmosphere 2020, 11, 180 7 of 15

Atmosphere 2020, 11, 180 7 of 16 

 

 
Figure 1. Observed and simulated Leaf Area Index (m2/m2) at two experimental sites Akukayili 
(upper row) and Cheshegu (lower row) in Ghana under fertilized and control conditions. 

 
Figure 2. Observed and simulated maize yield (variety BH660) in (Mg/ha) at two 
experimental sites, Bako (a) and Jimma (b), in Ethiopia under fertilized conditions. 

  

Figure 2. Observed and simulated maize yield (variety BH660) in (Mg/ha) at two experimental sites,
Bako (a) and Jimma (b), in Ethiopia under fertilized conditions.

As a measure of accuracy for the model calibration, the observed and simulated yields were
compared using the following objective function [42]:

a. Mean relative error MR as

MR =
1
n

n∑
i=1

(yi − xi)

xi
(1)

b. Mean residual error ME as

ME =
1
n

n∑
i=1

yi − xi (2)

where n is the sample size, x is the observed, and y is the simulated yield value. A value of 0 of mean
residual error (ME) indicates no systematic bias between simulated and measured yield values. The
mean relative error (MR) gives an indication of the mean magnitude of the error in relation to the
observed value. Root Mean Square Error as

RMSE =

√
1
n

n∑
i=1

(si − oi)
2 (3)

where:
Si = simulated yield;
Oi = Observed yield.

2.5. Definition and Statistical Analysis of Spatial and Temporal Variability

(a) Aggregation of model outputs:

The yield from all the simulation units (Figure 3) in each country was averaged to obtain a
representative value for a specific year.
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(b) Statistical Analysis:

In this study, we used ‘Modified Mielke approach’ (Equation (4)), a permutation-based index, to
evaluate the agreement between the two continuous datasets (in our case, namely Approach 1 and 2)
proposed by [43]. We used this approach to quantify how close the datasets in Approach 1 and 2 are to
each other as this not only measures the degree of dependence between the two data series but also
estimates how similar in magnitude these series’ values are.

λ = 1−
n−1

n∑
i=1

(Xi−Yi)
2

σ2
x+σ

2
γ+(X−Y)

2
+κ

(4)

κ = 0, if r ≥ 0,

κ = 2

∣∣∣∣∣∣ n∑
i=1

(Xi −X)(Yi −Y)

∣∣∣∣∣∣ r<0,

Where, n is the number of observations, X and Y are the mean values of datasets Approach 1 (X)
and Approach 2 (Y), and σX and σY are the standard deviations. λ is dimensionless and varies between
−1 and 1. A value of zero indicates there is no linear dependence between the two variables, while a
value of 1 or −1 indicates a linear dependence.

3. Results and Discussion

3.1. Comparison of Seasonal Weather Variables under Approach 1 and 2

The Modified Mielke index (λ), which was estimated for the crop growth period in the regions of
Ghana, Ethiopia and Nigeria, quantified the agreement of the weather variables in datasets obtained
under Approach 1 and 2. The highest agreement was estimated in the cumulated radiation values given
very high λ values of 0.99 in Ghana, whereas, the least agreement was in cumulated precipitation values
(λ = 0.15) (Table 5). In Ethiopia, the highest agreement was estimated in the cumulated precipitation
values (λ = 0.98), whereas, the wind speed was not in agreement in the dataset under Approach
1 and 2 (λ = 0.04) (Table 5). In Nigeria, the highest disagreement was estimated in precipitation
(λ = 0.29) followed by wind speed, global radiation, maximum temperature and minimum temperature,
with λ values of 0.46, 0.47, 0.54 and 0.57 respectively (Table 5). Since the Mielke index estimates not
only measure the degree of dependence between the data series from different data sources, but also
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estimates how similar in the magnitude the series values are. This suggests that, in Ethiopia, as the
precipitation and values have highest positive agreement between Approach 1 and 2, both sources of
data could be used interchangeably for the assessment of production system under rain-fed conditions.
Similarly, In Ghana, the radiation values can be used interchangeably, whereas, in the case of Nigeria,
none of the climate variables in both approaches are similar enough in magnitude that they can be
used interchangeably under data-scarce conditions.

Table 5. Mielke index for five weather variables (Precipitation, Radiation, Minimum Temperature,
Maximum Temperature, and Windspeed) for Approach 1 and 2 in study areas in Ghana, Ethiopia,
and Nigeria.

Precipitation Radiation Min. Temp. Max. Temp. Windspeed

Ghana 0.15 0.99 0.56 0.40 0.48
Ethiopia 0.98 0.38 0.41 0.63 0.04
Nigeria 0.29 0.47 0.57 0.54 0.46

3.2. Comparison of Simulated Yields based on Approach Land 2

Crop yield is a result of the integration of many biophysical processes. Among others, the yield is
driven by five meteorological variables acting in conjunction with each other. Separate simulations
of maize phenology and final yield were carried out using the two sources of weather data (namely
Approach 1 and 2). The effect of using different weather data sources for simulating grain yield is
shown in Figures 2–4, whereas the effect on length of vegetative and reproductive phase is shown in
Table 5 for Ghana, Ethiopia and Nigeria. In Ghana, the RMSE of 0.78 Mg/ha was estimated between
observed and simulated maize grain yield under Approach 1, whereas it was 0.70 Mg/ha under
Approach 2 (Figure 4). However, in Ethiopia, an RMSE of 0.48 Mg/ha and 0.72 Mg/ha was estimated
under Approach 1 and 2 respectively (Figure 5), while, in Nigeria, the estimated RMSE under Approach
1 and 2 was 0.31 Mg/ha and 0.51 Mg/ha, respectively (Figure 6). [44] also reported the lower RMSE
0.70 Mg/ha for soybean yield simulations using the weather data from a single source (in this case, data
were obtained from the interpolation of several ground-based station data), compared to the RMSE of
0.86 Mg/ha using the weather dataset compiled from different sources of data (in this case, data were
obtained from a reanalysis of satellite and observed weather data).

Atmosphere 2020, 11, 180 10 of 16 

 

Table 5. Mielke index for five weather variables (Precipitation, Radiation, Minimum Temperature, 
Maximum Temperature, and Windspeed) for Approach 1 and 2 in study areas in Ghana, Ethiopia, 
and Nigeria. 

 Precipitation Radiation  Min. Temp. Max. Temp. Windspeed 
Ghana 0.15 0.99 0.56 0.40 0.48 

Ethiopia 0.98 0.38 0.41 0.63 0.04 
Nigeria 0.29 0.47 0.57 0.54 0.46 

3.2. Comparison of Simulated Yields based on Approach Land 2  

Crop yield is a result of the integration of many biophysical processes. Among others, the yield 
is driven by five meteorological variables acting in conjunction with each other. Separate simulations 
of maize phenology and final yield were carried out using the two sources of weather data (namely 
Approach 1 and 2). The effect of using different weather data sources for simulating grain yield is 
shown in Figures 2–4, whereas the effect on length of vegetative and reproductive phase is shown in 
Table 5 for Ghana, Ethiopia and Nigeria. In Ghana, the RMSE of 0.78 Mg/ha was estimated between 
observed and simulated maize grain yield under Approach 1, whereas it was 0.70 Mg/ha under 
Approach 2 (Figure 4). However, in Ethiopia, an RMSE of 0.48 Mg/ha and 0.72 Mg/ha was estimated 
under Approach 1 and 2 respectively (Figure 5), while, in Nigeria, the estimated RMSE under 
Approach 1 and 2 was 0.31 Mg/ha and 0.51 Mg/ha, respectively (Figure 6). [44] also reported the lower 
RMSE 0.70 Mg/ha for soybean yield simulations using the weather data from a single source (in this 
case, data were obtained from the interpolation of several ground-based station data), compared to 
the RMSE of 0.86 Mg/ha using the weather dataset compiled from different sources of data (in this 
case, data were obtained from a reanalysis of satellite and observed weather data). 

 

0.0

0.5

1.0

1.5

2.0

2.5

3.0

3.5

4.0

Yi
el

d 
(M

g/
ha

)

Years

(a)
RMSE = 0.78 Mg/ha

MR = 43%
ME = 0.68 Mg/ha

Observed

Simulated

Figure 4. Cont.



Atmosphere 2020, 11, 180 10 of 15
Atmosphere 2020, 11, 180 11 of 16 

 

 
Figure 4. Comparison of observed and simulated maize yield in central Ghana for 16 years (1992–
2007) using weather data under Approach 1 (where data were obtained from a single source) (a) and 
Approach 2 (where data were obtained from different sources) (b). 

 

 
Figure 5. Comparison of observed and simulated maize yield in Oromia region in Ethiopia for 13 
years (1996–2008) using weather data under Approach 1 (where data were obtained from a single 
source) (a), and Approach 2 (where data were obtained from different sources) (b). 

0.0
0.5
1.0
1.5
2.0
2.5
3.0
3.5
4.0

Yi
el

d 
(M

g/
ha

)

Years

(b)
RMSE = 0.70 Mg/ha

MR = 36%
ME = 0.56 Mg/ha

Observed

Simulated

0.0
0.5
1.0
1.5
2.0
2.5
3.0
3.5
4.0

Yi
el

d 
(M

g/
ha

)

Years

(a)
RMSE = 0.48 Mg/ha

MR = 11%
ME = 0.19 Mg/ha

Observed

Simulated

0.0
0.5
1.0
1.5
2.0
2.5
3.0
3.5
4.0

Yi
el

d 
(M

g/
ha

)

Years

(b)
RMSE = 0.72 Mg/ha 

MR = 17%
ME = 0.32 Mg/ha

Observed

Simulated

Figure 4. Comparison of observed and simulated maize yield in central Ghana for 16 years (1992–2007)
using weather data under Approach 1 (where data were obtained from a single source) (a) and Approach
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weather data under Approach 1(where data was obtained from a single source) (a), and Approach 2
(where data was obtained from different sources) (b).

The correct estimation of crop phenological events is very important for reliable estimates for crop
yield by crop models, since they also affect photosynthesis rate and crop sensitivity to water deficit [45].
There was a close agreement in the duration of simulated vegetative and reproductive phases between
the two weather data sources in Ghana and Nigeria, as indicated by the associated low absolute errors
(Table 6). However, in the case of Ethiopia, simulated vegetative and reproductive phases using
Approach 2 weather dataset were longer by 8 and 11 days, respectively, with respect to the simulations
using the Approach 1 dataset. This could be attributed to the lower mean temperature during the crop
growth season under the Approach 2 dataset (Table 7). These results are in accordance with those
observed in the U.S Corn Belt for different gridded weather data (error from 3 to 7 days) [46]. As the
duration of vegetative and reproductive periods is defined by air temperature and photoperiod [47],
the differences in the datasets for these variables were not big enough to cause statistically significant
differences in crop phenology estimation.

Table 6. Simulated length of the vegetative and reproductive period (in days) with Approach 1 (A-1)
and Approach 2 (A-2) and the associated differences [(A-1) – (A-2)] in Ghana, Ethiopia, and Nigeria.

Vegetative Period (in days) Reproductive Period (in days)

A-1 A-2 Difference
[(A-1)-(A-2)] A-1 A-2 Difference

[(A-1)-(A-2)]

Ghana 47 45 2 46 43 3
Ethiopia 70 78 −8 74 85 −11
Nigeria 43 41 2 38 37 1
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Table 7. Cumulative Radiation (in MJ), Precipitation (in mm) and Mean Temperature (in ◦C) values in
crop growth period under Approach 1 (A-1) and Approach 2 (A-2) and the difference [(A-1) – (A-2)] (in
%) in Ghana, Ethiopia, and Nigeria.

Radiation Precipitation Mean Temperature

A-1 A-2 %
Difference A-1 A-2 %

Difference A-1 A-2 %
Difference

Ghana 1758 1792.1 1.9 489.8 369.9 −24.5 27.4 29.9 9.1
Ethiopia 2743.4 3127.6 14.0 1072.8 1190.6 10.9 18.4 17.2 −6.5
Nigeria 1464.8 1561.7 6.6 354.3 386.9 9.2 28.6 29.7 3.8

The impacts of climate variables on crop growth and final yields are interactive; therefore, we
used two major factors of crop growth under rain-fed conditions, i.e., radiation and precipitation, and
compared the accumulation of solar radiation and precipitation during the crop growth period in the
simulations. In Ghana, the accumulated radiation during the crop growth period was 1.9% higher in
Approach 2 compared to the Approach 1 dataset, whereas accumulated precipitation was 24.5% higher
in Approach 1 compared to that in the Approach 2 dataset (Table 7). In Ethiopia, the accumulated
radiation and precipitation in the crop growth period was higher in the Approach 2 dataset by 12.3%
and 9.9%, respectively, compared to the Approach 1 dataset. The same pattern was also estimated in
Nigeria, but at a lower magnitude, whereas the accumulated radiation and precipitation in the crop
growth period was higher in the Approach 2 dataset by 6.2% and 8.4%, respectively, compared to the
Approach 1 dataset (Table 7).

The inter-annual variability of simulated crop yields can be more important than the mean.
Therefore, besides average grain yield over the simulation period, standard deviations of grain
yields were estimated from the inter-annual simulations using both weather datasets. The standard
deviation in the observed maize yield in Ethiopia was 0.4 Mg/ha, whereas the standard deviations
in the simulated yield with Approach 1 and Approach 2 datasets were 0.19 Mg/ha and 0.45 Mg/ha,
respectively. The associated variability in the simulated maize yield was, therefore, 58.2% less
under Approach 1 compared to those in the Approach 2 dataset, whereas, in Ghana, the standard
deviation in the observed maize yield was 0.13 Mg/ha. The standard deviation in the simulated maize
yields using the Approach 1 and Approach 2 datasets were 0.42 Mg/ha and 0.45 Mg/ha, respectively,
resulting in approximately 8.2% higher variability in the simulated maize yields under the Approach
2 dataset compared to the Approach 1. The same pattern was estimated in Nigeria also, where the
standard deviation in the observed maize yield was 0.11 Mg/ha, whereas, the standard deviations
in the simulated yield with Approach 1 and Approach 2 datasets were 0.26 Mg/ha and 0.48 Mg/ha,
respectively. The associated variability in the simulated maize yield was, therefore, less by 45.6%
under Approach 1 compared to those in the Approach 2 dataset. Consequently, it can be inferred that
the source of variability in simulated crop yields using Approach 1 and Approach 2 datasets relies
on the accuracy of the cumulative precipitation data during the rain-fed growing season of the crop
(Table 7), corroborating the findings of [12] which suggests that, in rain-fed cropping systems, accurate
cumulative precipitation and correct temporal distribution are necessary. Recently, [48] reported
the wheat grain and protein yields are expected to be lower and more variable in most-low-rainfall
regions using consistent reanalysis weather dataset highlighting the importance of quality of climate
dataset for climate impact assessment studies. [49] pointed out that the inconsistencies described in the
reliability of precipitation data limit the capability of the products for climate monitoring, attribution,
and model validation.

The findings of [50] also highlight the importance of weather dataset consistency. Variability in
the wheat and rice yields predictions were in the range of −3 to +4% and −6 to +8%, respectively, using
alternative combinations of different input precipitation and temperature datasets.
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4. Conclusions

The results show the variability in the model estimates that arise as a result of the input climate
data source. The two sources of climate data tested here were capable of producing both good and poor
estimates of maize yields, ranging from the lowest RMSE = 0.31 Mg/ha in Nigeria to the highest RMSE
= 0.78 Mg/ha in Ghana under Approach 1, whereas, under Approach 2, the RMSE ranges from the
lowest value of 0.51 Mg/ha in Nigeria to the highest of 0.72 Mg/ha in Ethiopia. The estimated variability
in the simulated maize yield was low under the Approach 1 dataset (in the magnitude of 58.2%, 8.2%,
and 45.6% in Ethiopia, Ghana and Nigeria, respectively) compared to the yields simulated under the
Approach 2 dataset. Our results indicate that the physical consistency between meteorological input
variables is a relevant factor to consider in crop yield simulations under rain-fed conditions.
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