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1. Executive summary
This deliverable investigates the seasonal prediction of crop yields in East Africa. Skilful seasonal
prediction of crop yields requires a crop model that is able to reproduce observed yields when run with
observed weather and skilful seasonal forecasts for the variables and seasons important for crop
growth. The quality of the crop model input and evaluation data for East Africa (specifically crop
calendar information and observed yields) was much lower than expected resulting in initially poor
agreement between simulated and observed yields. Therefore, the first part of this work focuses on
improving the crop model input and evaluation data and therefore the ability of the crop model to
reproduce observed yields. The second part of this work identifies the key requirements for the
seasonal forecasts from an agricultural point of view. The skill of the seasonal forecasts during the
main crop growing seasons is then outlined. Finally, the implications for the seasonal prediction of
crop yields are discussed.
The main results are as follows:


Procedures for improving crop model input and evaluation data have been developed.



The correlations between simulated and observed yields are mainly positive but generally low.
The exception to this is for an area of north-west Tanzania, where there is a large area of
negative correlations for one of the two sub-national observed yield data sets. This may be due
to deficiencies in the crop model (not simulating the impact of flooding or temperature
response functions that require adjustment) or it may be due to the low quality and limited
length of the observed yield data set.



The key requirements of the seasonal forecasts are to skilfully predict rainfall and temperature,
particularly maximum temperature, during the main growing seasons of March to August in
Kenya and December to June in Tanzania. It is also important that the rainfall frequency and
intensity distribution is realistic.



There is some skill in seasonal rainfall forecasts during the main growing seasons, although it
is limited. The seasonal temperature forecasts are more skilful. The majority of climate models
do not simulate realistic rainfall frequency and intensity distribution.



There is potential for the seasonal prediction of crop yields. However, more work must be done
to improve the ability of the crop model to reproduce observed yields. This requires further
investigation of the observed yield data and potentially improving the crop model itself. For the
time being, forecasts of crop yield may only be possible at short lead-times.
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2. Project objectives
With this deliverable, the project has contributed to the achievement of the following objectives (see
DOW Section B.1.1.2):

No.

Objective
Yes
To achieve an objective exhaustive evaluation of current forecast
quality from dynamical, statistical, and consolidated systems to
identify the factors limiting s2d predictive capability

No
X

2.

To test specific hypotheses for the improvement of s2d predictions,
including novel mechanisms responsible for high-impact events
using a process-based verification approach

X

3.

To develop innovative methods for a comprehensive forecast
quality assessment, including the maximum skill currently
attainable

X

4.

To facilitate the integration of multidimensional observational data
of the atmosphere-ocean-cryosphere-land system as sources of
initial conditions, and to validate and calibrate climate predictions

X

5.

To achieve an improved forecast quality at regional scales by
better initialising the different components, an increase in the
spatial resolution of the global forecast systems and the
introduction of important new process descriptions
To assess the best alternatives to characterise and deal with the
uncertainties in climate prediction from both dynamical and
statistical perspectives for the increase of forecast reliability

X

7.

To achieve reliable and accurate local-to-regional predictions via
the combination and calibration of the information from different
sources and a range of state-of-the-art regionalisation tools

X

8.

To illustrate the usefulness of the improvements for specific X
applications and develop methodologies to better communicate
actionable climate information to policy-makers, stakeholders and
the public through peer-reviewed publications, e-based
dissemination tools, multi-media, examples for specific
stakeholders (energy and agriculture), stakeholder surveys,
conferences and targeted workshops

9.

To support the European contributions to WMO research initiatives
on s2d prediction such as the GFCS and enhance the European
role on the provision of climate services according to WMO

1.

6.
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No.

Objective
Yes
protocols by creating examples of improved tailored forecastbased products for the GPCs and participating in their transfer to
worldwide RCCs and NHMSs.

No

3. Detailed report on the deliverable
Justification of delay to deliverable

This deliverable has been delayed from month 40 to month 46. This is because the main researcher
responsible has been unwell and it has not been possible for another researcher to take over
responsibility at short notice. There has been no impact on other work packages or deliverables.

Deviations from the plan

The original plan for this deliverable was to assess whether improvements in seasonal forecasts made
during SPECS lead to improved forecasts of crop yield. Specifically, the intention was to look at the
impact of increased forecast resolution by using the default and high resolution forecasts produced in
WP41. However, a number of problems arose with this plan of work:

1. Only one of the modelling groups in WP41 was able to provide default and high resolution
seasonal forecasts with all of the variables needed to run the crop model. These forecasts only
have 5 ensemble members.
2. The work of the University of Exeter in WP21 has shown that the probability of detecting
forecast improvements is very low, particularly when you have small ensemble sizes and short
time series (SPECS fact sheet #5). It is very unlikely that any improvement in the crop yield
predictions could be detected.
3. The quality of the crop model input and evaluation data for the case study region was much
lower than expected resulting in poor agreement between observed yields and yields simulated
with observed weather.
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Therefore, the most important steps towards providing seasonal predictions of crop yields in the study
region (East Africa) were:

1. To improve the crop model input and evaluation data and therefore the ability of the model to
reproduce observed yields.
2. To identify the key qualities of seasonal forecasts for the prediction of crop yields in order to
provide feedback to system developers.

This deliverable is therefore focused on these two steps. It also includes a summary of seasonal
forecast skill for the main variables and seasons important for crop growth and a discussion of the
implications of this work for the seasonal prediction of crop yields in East Africa. This change to the
original plan has had no impact on other work packages or deliverables.
Towards the seasonal prediction of crop yields in East Africa

In East Africa the majority of the population rely on rain-fed, subsistence agriculture (Salami et al
2010). However crop yields are variable due to the low input farming practices and the variability of
seasonal weather conditions. Reliable forecasts of crop yield could reduce the humanitarian and
socio-economic impacts of crop failure and allow improved management of the food surplus in
favourable years (Haile 2005).

This deliverable focuses on improving the simulation of crop yields in East Africa (section 3.1) and
identifying key requirements for seasonal weather forecasts used to forecast crop yield (section 3.2).
The skill of the seasonal forecasts for the main variables and seasons important for crop growth in
East Africa is outlined in section 3.3. The implications for the seasonal prediction of crop yield and the
next steps are discussed in section 3.4. Finally, the answers to some frequently asked question
(FAQs) are given in section 3.5.

3.1 The simulation of maize yields in East Africa

This section describes how the GLAM crop model (Challinor et al 2004) and the required input and
evaluation data were prepared for the simulation of maize yields in East Africa (section 3.1.1). The
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relationships between observed weather and observed yields in East Africa are examined (section
3.1.2). The ability of the crop model to reproduce the observed yields is then presented (section 3.1.3).

3.1.1 Preparation of the crop model and data

The existing GLAM-maize crop model (Challinor et al 2004, Greatrex 2012) was further developed and
adapted for use in East Africa. Several processes have been updated (e.g. drainage) and a number of
additional processes considered important for East Africa have been added (e.g. soil moisture
requirement for successful emergence and temperature dependence of leaf growth). The default
GLAM-maize parameter set was also reviewed and updated.

The input data required by GLAM consists of daily weather data, soil hydrological parameters, planting
dates and crop development parameters (referred to as varieties). Observed yield data are also
required for model evaluation. The preparation of this data is described below. All of the data were
mapped onto a 0.5° grid covering East Africa.

The observed weather data required by GLAM consists of rainfall, minimum temperature, maximum
temperature and downwards solar radiation at the surface. The data used in this study was the Watch
Forcing Data Era-Interim (WFDEI, 1979-2012). Due to the uncertainty in observed rainfall data, two
additional rainfall datasets were used to examine the relationship between observed yields and rainfall
(CenTrends, 1979-2012 and TRMM 3B42, 1998-2012). These data sets were not used to run GLAM
as they are not available on a daily time-step (CenTrends) or have relatively short time-series (TRMM
3B42).

The soil hydrological parameters required are the wilting point, the drained upper limit and the
saturation limit. These parameters were determined using information on soil texture from the Global
Soil Dataset for Earth System Modelling (GSDE, Shangguan et al 2014).

Defining planting dates and crop varieties was found to be particularly challenging for East Africa due
to a lack of high quality data. Widely used datasets such as Sacks et al (2010) tend to provide a single
planting window and a single harvest window for each country. This is inadequate for East Africa due
to the within-country variation in rainfall regimes and therefore cropping seasons (e.g. figure 1).

SPECS (308378) D61.1

-8-

Figure 1: Daily rainfall climatology for two grid cells in Ethiopia, created using WFDEI 1979-2012. The
green lines show the Sacks et al (2010) planting window for Ethiopia.

A procedure was developed to define realistic planting windows and crop varieties (illustrated in figure
2):
1. Divide the study area into separate regions according to the rainfall regime.
2. Use information from published and grey literature to define a realistic planting window for
each region and divide this into a number of 10-day planting windows.
3. For each grid cell calculate the average date on which the rainy season ends.
4. Define a set of realistic varieties spanning the range of required durations.
5. For each grid cell and 10-day planting window, select the variety that results in average
maturation dates closest to the average end of the rainy season.
6. Simulate crop yield for each grid cell and 10-day planting window then average yields over 10day planting windows, excluding crops that fail to emerge.

The procedure was used to define planting windows and crop varieties across East Africa, focusing on
the main rainy season. The study area was divided into 8 separate regions, each of which was
assigned a realistic planting window using information from the literature (see figure 2 and table 1).
The date on which the rainy season ends was defined as the start of a dry spell of at least 15 days
within an end of season window, with the criteria being relaxed to a dry spell of at least 5 days during
the last month of the window (Segele and Lamb 2005). Figure 3 demonstrates how using the new
procedure increases GLAM’s ability to reproduce observed yields at the Melkassa research station in
Ethiopia.
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Figure 2: Schematic of procedure to define realistic planting windows and varieties

Region

North west Ethiopia

Rainfall regime

Unimodal or second season

Realistic planting

End of season

window

window

Start April to end June

Mid Aug to end Nov

Mid May to mid July

Mid Aug to end Nov

dominant
North east Ethiopia

Unimodal or second season
dominant

Southern Ethiopia

First season dominant

Mid Feb to mid April

Start May to end July

Central Kenya

First season dominant, inland

Mid Jan to end March

Start May to end July

Eastern Kenya

First season dominant, coastal

Mid Feb to end April

Start June to mid Aug

Western Kenya

Unimodal

Start March to end April

Start June to end Sept

Northern Tanzania

First season dominant

Mid Jan to mid March

Mid April to mid July

Southern Tanzania

Unimodal

Mid Nov to mid Jan

Start April to end June

Table 1: The eight regions defined in East Africa along with their rainfall regime, realistic planting
window and end of season window. The first (second) season refers to the first (second) season within
the calendar year (Jan-Dec).
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Figure 3: Observed and simulated yield at the Melkassa research station in Ethiopia. Using the new
procedure to define planting dates and varieties (solid blue line) results in better agreement with
observed yields than using the Sacks information (dashed green line). Observed weather and yield data
courtesy of Helen Greatrex, Andualem Shimeles and Fikadu Getachew (EIAR).

Finally, reliable observed yield data are needed for model evaluation. National data from FAOstat are
available for each country (1980-2012). However this is of limited use due to its large spatial scale.
Province level data is available for 1983-2008 in Kenya (7 provinces) and for 1997-2010 (excluding
2004 and 2005) in Tanzania (19 provinces). District level data is available for 1983-2006 in Kenya (69
districts) and for 2003-2010 in Tanzania (119 districts). Unfortunately no sub-national data was
available for Ethiopia and so it was excluded from the study region.

Preliminary examination of the data revealed some major issues including year offsets between data
sets at different spatial scales and clearly unrealistic yields. In response to this, a protocol for cleaning
observed yield data was developed:

1. Identify clearly unrealistic yields (yields above a threshold). If possible correct the data point, if
not remove.
2. Identify questionable yields (identical yields in consecutive years, yields more than 2 standard
deviations away from the mean). Decide if the data point is incorrect. If so correct or remove.
3. Carry corrections to finer scale data through to larger scale data.
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4. Combine different data sets that are on the same spatial scale to produce longer time series if
they agree during the period of overlap
5. Compare aggregated finer scale data to larger scale data to identify inconsistencies.
6. Compare the simulated yields to each different observed yield data set. This is a first step
towards accounting for uncertainty in the observed yield data.

The protocol was applied to the observed maize yield data for Kenya and Tanzania. The threshold
used in step 1 was 5000kg/ha. Questionable yields were deemed to be incorrect if the yields in
surrounding provinces/regions did not show the same behavior. Data points were corrected if there
was a clear factor of 10 error. The district level data for Kenya were extremely inconsistent and
contained many unrealistic and questionable yields. The data were not considered suitable for use.
The province level and national data for Kenya were found to have a year offset before 2002 (figure
4). Despite several enquires the reason for this offset is unknown. The national data are more likely to
be correct as they have a stronger correlation with national rainfall. The province level data before
2002 were therefore shifted back a year. A number of unrealistic and questionable yields were
corrected or removed from the data for both Kenya and Tanzania. Overall, the cleaning protocol
increased the number of grid cells with significant positive correlations between rainfall and observed
yield (figure 5). The number of grid cells with significant negative correlations between rainfall and
observed yield is either unchanged or reduced. All of the observed yield data in the following sections
have been corrected according to this protocol.
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Figure 4: National rainfall (black) and maize yield (blue and green) for Kenya. In the original data (left)
there is clearly a year offset between the FAOstat national yield and the scaled-up province level yield.
This is corrected by shifting the province level data before 2002 back a year (right). This results in
missing province level data in 2001.

Figure 5: Number of grid cells with significant positive correlations between rainfall and observed yield
for "Raw" and "Corrected" yield data. Linear trends were removed from both the rainfall and observed
yield data before calculating the correlations.
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3.1.2 Relationship between observed weather and observed yields

Figures 6, 7 and 8 show the correlations between observed maize yield and main season rainfall,
minimum temperature and maximum temperature respectively. For each grid cell, the main season
rainfall (temperature) was calculated by summing (averaging) the rainfall (temperature) from the start
of the planting window until the average date on which the rainy season ends (see section 3.1.1 and
table 1). Linear trends were removed from both the observed yield data and the seasonal weather
data before the correlations were calculated. However, similar results were obtained with no trend
removal (data not shown).

The correlations between observed yield and seasonal rainfall (figure 6) are mainly positive except in
north-west Tanzania where negative correlations suggest that flooding may be affecting crop yields.
There is evidence in the grey literature of flooding causing problems for agriculture in this part of
Tanzania (FAO/WFP 1998, Temu et al 2011, BBC news 2015). The area of negative correlations is
particularly prominent when using the district level observed yield data. These data cover a shorter,
more recent time period than the province level observed yields. Therefore, it may be that flooding has
become more of a problem in recent years or the more prominent area of negative correlations could
be an artefact of the shorter time-series. The differences in the correlations between the different
rainfall data sets highlight the uncertainty in the observed rainfall data for this region.

The correlations between observed yield and minimum temperature (figure 7) are mixed but there are
more regions with positive than with negative correlations. The correlations with maximum
temperature (figure 8) are also mixed but generally more negative than for minimum temperature,
suggesting that maximum temperatures are close to threshold values in some regions.
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Figure 6: Correlation between main season rainfall and observed maize yield in East Africa. The
observed yields are either province level (left) or district level (right). Three rainfall data sets have been
used: WFDEI (top), CenTrends (middle) and TRMM 3B42 (bottom).
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Figure 7: Correlation between main season minimum temperature and observed maize yield in East
Africa. The observed yields are either province level (left) or district level (right). The temperature data
set is WFDEI.

Figure 8: Correlation between main season maximum temperature and observed maize yield in East
Africa. The observed are either province level (left) or district level (right). The temperature data set is
WFDEI.

3.1.3 Relationship between observed and simulated yields

Figure 9 shows the correlations between simulated and observed maize yields. Linear trends were
removed from both the simulated and observed yields before the correlations were calculated.
However, similar results were obtained with no trend removal (data not shown).

For the province level data, the correlations are mainly positive but generally low. Only 4.8% of grid
cells have significant positive correlations at the 5% level, which is approximately the number
expected by chance.
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For the district level data, there is a large region of negative correlations in north-west Tanzania. For
this region the correlation with district level observed yields was negative for rainfall (figure 6) and
positive for temperature (figures 7 and 8). If these relationships between observed yields and weather
are robust then GLAM is not correctly reproducing the crop response to weather. The next steps in the
crop modelling work are therefore to include a flooding module in GLAM and to review the
temperature response functions and parameters. However, as there are only 8 years of district level
observed yield data, the relationships between this data and weather may not be robust, which should
be taken into consideration.

Figure 9: Correlation between simulated and observed maize yields in East Africa. The observed yields
are either province level (left) or district level (right). The yields were simulated using WFDEI.

The simulated yields were scaled-up to country-level taking into account the maize cultivated area in
each grid cell (Monfreda et al 2008). Figure 10 shows the simulated and observed yield time series for
Kenya with linear trends removed. The correlation with the national observed yields from FAOstat is
0.21 and the correlation with the aggregated province level yields is 0.17. Neither of these correlations
are statistically significant. Examination of the yield time series suggests that there may still be a year
offset in the observed yield data (the province level data have already been shifted back a year to
agree with national yields from FAOstat, see figure 4). The agreement with simulated yields would be
much greater if the observed yields were shifted back a year before 1998 (the above correlations
would increase to 0.61 and 0.54 respectively). However, this requires further investigation.

Figure 11 shows the simulated and observed yield times series for Tanzania with linear trends
removed. The correlation with the national observed yields from FAOstat is 0.16 and the correlation
with the aggregated province level yields is 0.41. Again, neither of these correlations are statistically
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significant. Figure 11 highlights how much disagreement there can be between different (but not
independent) observed yield data sets.

Figure 10: Yield time series for Kenya showing simulated yields (red), national observed yields from
FAOstat (black) and aggregated province level observed yields (black dashed). “Yield anomaly” refers to
the deviation from the linear trend.

Figure 11: Yield time series for Tanzania showing simulated yields (red), national observed yields from
FAOstat (black) and aggregated province level observed yield data (black dashed). “Yield anomaly refers
to the deviation from the linear trend”
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3.2 Key requirements for the seasonal forecasts
The correlations between seasonal rainfall and observed maize yields (figure 6) show that rainfall is a
key driver of maize yields in East Africa. Seasonal temperature is also important, particularly
maximum temperature (figure 8). However, it is not just seasonal totals and averages that are
important for the simulation of crop yields. A case study was conducted for groundnut in West Africa to
investigate the impact of biases in the rainfall frequency and intensity distribution on crop simulations.
GLAM-groundnut was used to simulate yields across West Africa using 1) observed weather, 2) output
from a climate model using explicit convection, 3) output from the same climate model using
parameterised convection. It is well known that parameterisations of convections tend to produce
excessive drizzle and not enough high intensity rainfall events. The impact on the crop model was a
delay in planting dates because the frequent light rainfall tended to evaporate rather than build up to a
suitable moisture level for planting (figure 12). The climate model runs with explicit convection had an
improved rainfall frequency and intensity distribution. Rainfall was therefore heavy enough to suitably
wet the soil and planting dates were more realistic. More information can be found in Garcia-Carreras
et al (2015).
The case study highlights the importance of realistic rainfall frequency and intensity distributions in the
simulation of crop processes and yields. Methods exist to correct these biases before the data is used
to run a crop model (e.g. Ines and Hansen 2006). However, this can result in inconsistent weather
data, such as days with few clouds (high solar radiation) and heavy rainfall. Therefore, improving the
rainfall frequency and intensity distribution should be a priority in the development of
parameterisations of convection and in the long term there should be a move towards explicit
convection in climate models. The work performed in WP41 of SPECS towards increasing the
resolution of climate models is an essential step in this move towards explicit convection.
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Figure 12: Planting dates for groundnut in West Africa simulated using the GLAM crop model and a)
observed weather, b) and c) output from a climate model using explicit convection, d) and e) output from
a climate model using parameterised convection. Figure taken from Garcia-Carreras et al (2015).

3.3 Skill of seasonal forecasts for East Africa

For the prediction of crop yields it is important that seasonal forecasts can skillfully predict rainfall and
temperature in the main crop growing seasons, which are from March to August in Kenya, and from
December to June in Tanzania. Unfortunately the skill of seasonal rainfall forecasts in this region is
highest from October to December, when the relationship between rainfall and ENSO is strongest
(figure 13, Mwangi et al 2014, Landman et al 2015, Shukla et al 2016). However, Mwangi et al (2014)
and Shukla et al (2016) report some skill in the March, April, May (MAM) season for the ECMWF
system 4 and North American multimodel ensemble (NNME) forecasts respectively. Figure 13 shows
the ROC scores for rainfall terciles for the GloSea5 seasonal forecasts (UK Met Office 2016). There is
some skill for rainfall in the main crop growing seasons but it is limited. Mwangi et al (2014) find that
the skill is higher for the “not dry” (normal and wet) category than for the “not wet” category. This is
also seen in the GloSea5 forecasts (figure 13). The skill of temperature forecasts is in general much
higher than the skill of rainfall forecasts (figure 14, Shukla et al 2016).
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It is also important that the rainfall in the seasonal forecasts has a realistic frequency and intensity
distribution. However, the majority of climate models produce excessive drizzle and not enough high
intensity rainfall events (Randall et al 2003, Stephens et al 2010, Sun et al 2006, Dai 2006).

Figure 13: ROC scores for rainfall terciles for the GloSea5 seasonal forecasts in East Africa (UK Met
Office 2016). The scores are shown for each season separately (columns) and for above normal (top),
near normal (middle) and below normal (bottom) rainfall. The forecast lead-time is one month, so for
example the Dec/Jan/Feb forecast is issued in November.
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Figure 14: ROC scores for temperature terciles for the GloSea5 seasonal forecasts in East Africa (UK
Met Office 2016). The scores are shown for each season separately (columns) and for above normal
(top), near normal (middle) and below normal (bottom) temperature. The forecast lead-time is one month,
so for example the Dec/Jan/Feb forecast is issued in November.

3.4 Implications for the seasonal prediction of crop yields in East Africa

There are two requirements for the skilful seasonal predictions of crop yield: 1) The crop model is able
to reproduce observed yields when run with observed weather; 2) The seasonal forecasts have skill
for the variables and seasons important for crop growth.
The ability of the crop model to reproduce observed yields when run with observed weather is
presented in section 3.1.3. The correlations between simulated and observed yields are mainly
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positive but generally low. The exception to this is for an area of north-west Tanzania where the
correlations are negative when using the district level observed yield data. This may be because
flooding is affecting crop yields in this part of Tanzania. Flooding is not included in the GLAM crop
model. It could also be because the temperature response functions or parameters used in GLAM
require adjustment. The next step in this work is to examine these possibilities.
The level of uncertainty in the observed rainfall data (figure 6) and in the observed yield data (section
3.1.1 and 3.1.3) limit the ability of the crop model to reproduce observed yields. A possible approach
would be to drive the crop model with several rainfall data sets. The simulated yields averaged across
rainfall data sets may be more skilful and the difference in simulated yields between rainfall data sets
would give an indication of the uncertainty. The national and province level maize yield data for Kenya
were inconsistent, there was a clear year offset between the data sets. This was corrected by shifting
the province level data back a year. However, there is a suggestion that both data sets need shifting
back another year. This should be investigated as a matter of priority. The sub-national data for
Tanzania, particularly the district level data, cover only a short time period. This makes it difficult to
draw strong conclusions on the key factors affecting observed crop yield and on the suitability of the
crop model.
There is some skill in seasonal rainfall forecasts during the main crop growing seasons in Kenya and
Tanzania, although this skill is limited (section 3.3). The skill of the seasonal temperature forecasts is
generally higher. It is also important for the simulation of crop yields that the rainfall frequency and
intensity distribution is realistic. However, the majority of climate models simulate too much drizzle and
not enough high intensity rainfall events. The output from climate models must be bias corrected
before it is used in order to reduce biases in rainfall totals and average temperatures as well as biases
in the rainfall frequency and intensity distribution.
So what are the implications for the seasonable prediction of crop yields in East Africa? The skill of the
crop model when run with observed weather and the skill of the seasonal forecasts are both low but
generally positive. There is therefore some potential for the seasonal prediction of crop yields.
However, the skill of the crop model when run with observed weather must first be improved. This
requires further investigation of the observed yield data, running the crop model with multiple observed
rainfall data sets and potentially improving the crop model itself. As the skill of the seasonal forecasts
is low for the main crop growing seasons, forecasting crop yield may only be viable at short lead-times
or during certain climatic events where the predictability may be higher.
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3.5 Frequently Asked Questions (FAQs)

1. What is a seasonal forecast?
Seasonal forecasts are predictions of climatic conditions over the next few months. They are based on
the fact that the atmosphere is sensitive to the more slowly varying land and ocean surface. They are
not able to predict weather conditions on a given day, and instead predict the expected characteristics
of the weather over the coming months.
More information on seasonal forecasts can be found in SPECS fact sheet #1.
2. How do you make seasonal predictions of crop yield?
Seasonal forecasts are used to run crop models. The seasonal forecasts can be produced using
statistical models or global climate models (GCMs). The crop model can also be statistical or processbased. Statistical seasonal forecasts and crop models can perform well but their use is complicated by
the emerging climate change signal and they have limited scope for improvement. Therefore, focus is
now shifting to GCMs and process-based crop models as they have greater long term potential.
3. What is a global climate model (GCM)?
A GCM is a mathematical model of the earth’s climate system. They represent the atmosphere, and
sometimes also the ocean, using a three dimensional grid covering the globe. They contain equations
describing the motion, thermodynamics and physical processes of the climate system.
4. How do GCMs produce seasonal forecasts?
The GCM is run a number of times (typically between 10 and 50) with slightly different initial conditions
to produce an ‘ensemble’ of possible seasons. This is because the initial state of the climate system
can never be described fully and can affect the response of the GCM to the land and ocean surface.
The idea is that the average response of all ensemble members will show the large-scale predictable
signal, whilst the smaller scale unpredictable fluctuations will cancel out. The difference between the
predictions of the different ensemble members gives an indication of the uncertainty in the forecast.
5. How does a process-based crop model work?
A process-based crop model contains equations describing the growth and development of a crop and
how these respond to environmental factors. The input data required by crop models is typically daily
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weather data, information about the soil and information about management practices such as
planting dates. The crop model is run with this input data, the equations are solved on a daily basis
and the simulated crop grows and develops. The most commonly used output is crop yield at maturity.
6. How do you go from GCM output to crop model input?
There are two main methods: 1) Use the daily climate model output; 2) Use temporally and possibly
spatially averaged climate model output along with some method of disaggregation, such as a weather
generator. For both methods, the climate model output must be bias corrected before it is used. More
information can be found in Hansen and Indeje (2004).
7. Why do we need seasonal predictions of crop yield in East Africa?
Agriculture is extremely important in East Africa, both for the food security of the population and for
each country’s economy. The vast majority of agriculture is rain-fed and relies on the highly variable
monsoon rainfall. Crop yields are therefore highly variable. Reliable forecasts of crop yield could
reduce the humanitarian and socio-economic impacts of crop failure.
8. When are the main crop growing seasons in East Africa?
The main crop growing seasons are from March to August in Kenya and from December to June in
Tanzania.
9. How well can crop models run with observed weather reproduce observed yields?
Where there is high quality input and evaluation data, for example the data from the Melkassa
research station in Ethiopia, crop models can reproduce observed yields well (see figure 3). However,
the quality of input and evaluation data across East Africa is low. In this project, the correlations
between simulated and observed yields across East Africa are mainly positive but generally low. The
exception to this is for an area of north-west Tanzania where the correlations are negative when using
one of the observed yield data sets.
10. What is limiting the ability of the crop model to reproduce observed yields?
The quality of the observed yield data is questionable. There were inconsistencies between the
national and sub-national yield data for Kenya. The sub-national data for Tanzania cover only a short
time period. There is also uncertainty in the observed rainfall data. In addition, it is possible that
flooding is affecting maize yields in parts of Tanzania, which is not yet accounted for in the crop
model.
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11. What are the key requirements of the seasonal forecasts from an agricultural point of view?
It is important that the seasonal forecasts can skilfully predict rainfall and temperature in the main crop
growing seasons. It is also important that the rainfall has a realistic frequency and intensity
distribution.
12. How good are the seasonal forecasts for the main crop growing seasons?
Unfortunately the skill of seasonal rainfall forecasts in this region is highest from October to
December, which is outside the main crop growing seasons. However, there is some skill in the main
crop growing seasons. In addition, the skill of the temperature forecasts is generally higher.
13. Will we be able to make skilful seasonal predictions of crop yield in East Africa?
There is potential for the seasonal prediction of crop yields in East Africa. However, the skill of the
crop model when run with observed weather must first be improved. As the skill of the seasonal
forecasts is currently low for the main crop growing seasons, we may only be able to make skilful
predictions at short lead-times.
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7. Sustainability

Producing crop yield forecasts for East Africa is a major challenge due to the limitations of the
observational data, the crop models and the seasonal forecasts. This report has presented methods to
deal with the uncertainty in the observational data, but these methods can only go so far in solving the
problem. Improved data collection (crop yields, planting and harvesting dates, rainfall) is key to
improving the simulation of yields using observed weather, which is a vital first step towards producing
crop yield forecasts. The SPECS project has made valuable progress in improving the seasonal
forecasts.

There is a strong link with the EUPORIAS project, which focuses on the development climate services.
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