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Abstract  

Crop models are useful tools for simulating impacts of climate and agricultural 

practices on crops. Models have to demonstrate the ability to simulate actual crop 

growth response in particular environments before application. Data limitations in 

southern Africa frequently hinder adequate assessment of crop models before 

application. The DSSAT model was used to test the usefulness of crop models under 

data limited dryland conditions of southern Africa by validation using data from 

experimental trial reports and district-wide crop yield estimates. Two crops each 

were selected in three locations to represent varying cropping and physical 

conditions in southern Africa i.e. maize and sorghum (Mohale’s Hoek - Lesotho and 

Big Bend - Swaziland) and maize and groundnut (Lilongwe - Malawi). Results 

showed that DSSAT performs well in simulating crop yields obtained from 

experimental trials. District wide simulated mean crop yields were acceptable 

(relative difference ranged from -12.2 % to +2.36 %). However, the model’s capture 

of seasonal yield variation for some locations and crops was uncertain, due to 

climate extremes. It was concluded that satisfactory crop model testing before 

application is possible and that DSSAT crop models are useful even under data 

limited conditions.   
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Introduction 

Crop growth simulation models are valuable tools for assessing the impacts of 

climate and agronomic management on crop production. A lot of research has been 

done using crop models to assess impacts of climate on crops in southern Africa 

(Zinyengere et al. 2013). However, most studies obtain confidence to apply crop 

models from generalised validation procedures, where the model is considered 

suitable because it has been applied successfully in similar environments (Phillips et 

al. 1998; Knox et al. 2010; Thornton et al. 2011; Zinyengere et al. 2011) or through 

point based validations obtained from experimental trials (Chipanshi et al. 2003). 

Generalised validations do not account for common variation in modelled climatic, 

soil and management conditions in space (Gaiser et al. 2010). While experimental 

trials provide location specific validations, experiments are commonly done under 

well managed settings uncharacteristic of dryland conditions under which most 

smallholder farmers in southern Africa operate. In southern Africa, crop production is 

predominantly practiced under dryland conditions, mostly by smallholder farmers 

(Twomlow et al. 2008). Farmers operate under sub-optimal conditions that range 

from heavily weathered and infertile soils, erratic and unreliable rainfall, poor water 

management, poor fertiliser use and untimely sowing (Whitbread et al. 2010). In 

most instances, these conditions differ from those under which most crop models 

have been developed and tested. It is therefore essential that crop models are tested 

under these particular conditions to capture location specificity and variation in the 

region.  

 

A persistent challenge to adequately testing crop models for use in impact studies 

under varied conditions which most dryland farmers operate in southern Africa is 
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data limitations. Data is seldom available in the quantity and quality that is easily 

adaptable to drive crop models. This is partly why crop models have occasionally 

been applied with inadequate validation. In cases where resources and time have 

permitted, experimental trials have been performed validating crop models in 

different locations in southern Africa (Dutoit et al. 1997; Kamanga 2002; Dimes et al. 

2002, Singels et al.  2010; Mabhaudhi et al. 2013). Some studies have gone a step 

further by engaging smallholder farmers to model actual on-farm conditions and 

yields (Thornton et al. 1995; Ncube et al. 2006). These experiments are invaluable 

for modelling dryland systems in the region but are uncommon. Researchers do not 

usually have access to similar resources and data. Still, model performance 

assessment remains vital despite the data constraints.  

 

The main objective of this study was to test the potential of crop models to simulate 

crop yields under a range of biophysical conditions found in data limited drylands of 

southern Africa. In the process, the study sought to highlight the challenges and 

opportunities in carrying out crop model set up and assessing usefulness under data 

limited conditions common in the region. It was hypothesised that despite data 

challenges, satisfactory assessments of crop models can be performed in the region 

before application in impact studies. The DSSAT crop model was selected for this 

study and tested for usefulness as a sample crop model because it is the most 

widely used for impact studies globally (White et al. 2011). It was tested for 

simulating crop yields under dryland conditions in three locations in southern Africa 

i.e. Mohale’s Hoek in Lesotho (maize and sorghum), Big Bend in Swaziland (maize 

and sorghum) and Lilongwe in Malawi (Maize and groundnut). Southern Africa has 

considerably diverse climatic and agroecological conditions. Although not fully 
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captured, the study sampled these conditions through the selection of contrasting 

study sites. Selected sites ranged from a high altitude location with a cool temperate 

climate (Mohale’s Hoek), a mid altitude location with a mild climate (Lilongwe) and 

low altitude location with a hot and dry climate (Big Bend). 
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Study Area 

The study was carried out in one location each in three countries of Southern Africa. 

Southern Africa is a predominantly semi-arid region with high rainfall variability. In 

general, the region is dominated by summer rainfall. In all the focal areas of this 

study, October to April represents the main rainy season, reaching a peak between 

December and February when about 80 - 90 % rainfall is received.  Agriculture, 

especially maize production plays a critical role in sustaining rural livelihoods and 

food security and is directly dependent on climatic variables such as temperature 

and rainfall (Porter and Semenov 2005). Crop yields vary with rainfall variability such 

that low rainfall usually results in low productivity (Twomlow et al. 2008). Agricultural 

productivity in dryland systems of southern Africa is also threatened by population 

pressure, declining soil fertility, poor technological inputs, weed invasion, decreasing 

farm size, disease, lack of or poor access to markets, etc. (Cooper et al. 2008). 

Three districts in southern Africa i.e. Mohale’s Hoek in Lesotho, Lilongwe in Malawi, 

and Big Bend in Swaziland were used as case studies. Details of the physical 

characteristics of these districts are in Table 1. 

 

Big Bend (26.85 ° S, 31.92° E; 138m altitude) is located in the south east of The 

Kingdom of Swaziland, a country with an area of 17 370 km2 and lying 100 - 1 800 m 

above sea level in south-eastern Africa. Swaziland is divided into 4 agroecological 

zones, the high veld, middle veld, low veld and Lubombo, experiencing average 

annual rainfall of 950 mm, 700 mm, 475 mm and 600 mm respectively (Government 

of Swaziland 2000). Big bend is located in the low veld, the driest part of the country, 

receiving highly variable rainfall averaging about 600 mm annually. Mean annual 
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temperature is around 22 °C and summer temperatures regularly reach 35 °C 

resulting in high evapotranspiration. Maize is the most common crop in Swaziland. 

90 % of the maize is grown by smallholder farmers under dryland conditions and 

yields are about 1.5 - 2 t/ha (Manyatsi et al. 2013). Other crops, such as sorghum, 

groundnuts, beans, and cowpea, are grown on a small scale.  

 

Mohale’s Hoek (30.15 ° S, 27.47° E; 1620m altitude) is located in Lesotho, a small 

country of 30 000 km2, landlocked by South Africa with a harsh environment owing to 

highly variable terrain and climate. The altitude ranges from 1 400 to 3 500 m above 

sea level. Mean annual rainfall ranges from 450 mm in the lowlands to 1 100 mm in 

the highlands. The high altitude means that Lesotho experiences some of the lowest 

temperatures in southern Africa, with a significant proportion of the country 

experiencing mean annual temperatures below 10 °C (Gwimbi et al. 2013). Only 

around 15 % of the country is arable. Maize is by far the dominant crop grown in 

Lesotho; accounting for 77 % of the country’s cereal production mainly through 

dryland smallholder subsistence farming and averaging yields of 0.72 t/ha (Mbata 

2008). Other principal crops are sorghum and wheat yielding respectively 0.74 t/ha 

and 0.68 t/ha on average (Mbata, 2008). 80 % of the productive farming land is in 

the the lowlands, accounting for 17 % of the total land area (Ministry of Natural 

Resources 2007), this is where Mohale’s Hoek is located. Temperatures in the 

lowlands reach 32 °C in the summer and as low as -7 °C in the winter. Annual 

temperatures in Mohale’s Hoek average 15.6 °C. Rainfall received during the 

agricultural season averages 500-700 mm (Masiatile 2011).  
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Lilongwe (13.78° S, 33.77° E; 1229m altitude) is located in central Malawi, a 

landlocked country located in the eastern part of southern Africa. Mean annual 

rainfall in Malawi ranges from 500 mm in the dry and hot rift valley areas where 

temperatures can reach 35 °C, to 2 500 mm over highlands where temperatures are 

moderate. 70 % of the country averages 750 - 1 000 mm annually. 95 % of Malawi’s 

cultivable land is under dryland crop production (Saka et al. 2013). Lilongwe district 

is located in the mid altitude region (1 000 - 1 500 m above sea level), a zone that 

experiences high annual average rainfall of 800 - 1 200 mm and moderate 

temperatures (Saka et al. 2013). The area the district is located produces about 40 

% of cereal grain in Malawi (Environmental Affairs Department 2005). Most crop 

production is practiced by smallholder rural farmers. Maize is the staple crop and 

produces on average 1.5 - 3 t/ha in yield under dryland conditions. Other major food 

crops include groundnuts and beans (Saka et al. 2013).  
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Materials and Methods 

The DSSAT model 

The Decision Support System for Agrotechnology Transfer (DSSAT) family of crop 

models was used in this study as a sample crop model to illustrate needs, 

challenges and opportunities in simulating dryland farming systems under data 

limitations in southern Africa. Among a limited number of biophysical crop models, 

DSSAT was selected for its global use and proved performances in impact studies 

(White et al. 2011), as well as its regional repeated uses for climate impact studies in 

southern Africa (Chipanshi et al. 2003; Walker and Schulze 2006; Knox et al. 2010; 

Thornton et al. 2011). Furthermore, It takes into account a wide range of 

management practises e.g. tillage, fertilisation, residue and organic matter 

application, rotation etc., that are found in dryland systems of southern Africa and 

are known to be strong determinants of productivity (Cooper et al. 2008). 

 

DSSAT is a simulation model for crops that describes daily phenological 

development and growth in response to environmental factors (soil, weather and 

management). The basis of DSSAT is a cropping system model (CSM) designed in 

modules in which components are separated along scientific disciplines. These 

include climate, crop and soil modules. It requires daily weather values of maximum 

and minimum temperatures, precipitation and solar radiation. Soil information 

includes details of soil characteristics; drainage, runoff, evaporation and soil water 

holding capacity, and rooting preference coefficients for multiple soil layers and initial 

soil water content (Jones et al. 2003). Crop characteristics are determined through 

crop and cultivar specific genetic coefficients. The DSSAT family of models has 
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separate plant modules that simulate growth and yield for individual species e.g. 

CERES (Maize, Sorghum, Wheat, Rice etc.), SubStor (Potato), CANEGRO (sugar 

cane) and CROPGRO (soybean, peanut, dry bean, etc). DSSAT also has a 

management module that determines when field operations are performed by calling 

sub modules. These operations can be specified by users and include planting, 

harvesting, applying inorganic fertilizer, tillage, irrigating and applying crop residue 

and organic material (Jones et al. 2003).  

 

Input data   

An assessment of a crop model’s performance involves comparison of model 

outputs with real data and a determination of suitability for an intended purpose. This 

documents its accuracy for specific predictions in specified environments, with a 

consideration of possible errors in input variables or data. Minimum data for the 

purpose includes a complete record of the data required to run the model and field 

information on the aspects for which the model is being tested. In this study, this 

included a complete climate record, soil characteristics for the locations under study, 

a complete description of the crops being tested and management operations. While 

this information is usually available at experimental station level, experiments are 

hardly made for crop model set up and therefore data on climate, soils, crops and 

management are often not continuous in time and may be qualitative when the crop 

model requires quantitative values. As such, data is not always easily adaptable to 

crop modelling. These challenges increase at scales beyond the experimental field. 

In this study, data was obtained through reports of on-site experiments, published 

literature (crop types, varieties and yields, agronomic management, soils, etc.), 

government records and international databases (soils) and national meteorological 
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departments (climate). Where data were incomplete or scattered, expert judgement 

based on available information was often required to build appropriate data sets. 

 

Climate: While rainfall data is recorded frequently in the region, temperatures are 

often missing and solar radiation records hardly exist. In both cases, data is often 

riddled with gaps and inaccuracies, needing further processing. Furthermore, climate 

stations are sparse. For this study, meteorological stations located in each study 

district that had a consistent set of historical climate data were used to collect daily 

precipitation, maximum and minimum temperature data. Daily solar radiation was 

estimated according to the minimum and maximum temperatures, Julian day, 

latitude, altitude and an empirical parameter by Allen et al (1998). Details of stations 

used for climate information are shown in Table 1. Climatic data was accessed and 

processed at the Climate System Analysis Group (CSAG) at the University of Cape 

Town through standing relationships with national meteorological services 

departments in Lesotho, Malawi and Swaziland.  

 

Soil: In each location, a minimum description of the first 30 cm of the soil profile with 

relevant physical and chemical parameters existed from various sources e.g. 

government publications and local, regional and international soil databases. These 

soil data sources were used to find complete soil profiles within the DSSAT WISE 

database (Gijsman et al. 2007) that had similar physical and chemical 

characteristics. Two soil profiles were developed in each study district based on 

identified dominant soil types. A summary description of the two soils is shown in 

Table 2. Details of the soil characteristics e.g. lower drained limit, upper drained limit 

and saturation, essential parameters required for running the model and based on 
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generic parameters identified in the WISE database is shown in Table 3. Other soil 

parameters, including the soil albedo, a soil water drainage rate constant and runoff 

curve number, were also based on soil texture estimates in the WISE database. 

 

Crop varieties and management:  Data on crops and management practices was 

obtained from reported experimental trials. These data included planting dates, 

planting densities, fertiliser application amounts and timing. Selected crop varieties 

were those reported in experimental trials as shown in Table 3. Detailed 

phenological and genotypic details of each crop variety were obtained from seed 

house pamphlets. Apart from experimental trials, information on crop management 

practices of dryland farmers in study districts were obtained from grey literature and 

local expert agronomists. These are summarised in Table 3.  

 

Calibration and validation 

DSSAT (v4.5) was calibrated to simulate maize at all study sites, sorghum in 

Mohale’s Hoek and Big Bend and groundnut in Lilongwe and then validated with 

data sets derived from reported experiments (Table 2). These experiments described 

a variety of assessments of the effect of different agroecological factors such as 

nitrogen, season, weather, sowing dates and variety on growth and yield of studied 

crops. Parameterisation of DSSAT was based on typical values obtained from 

literature, default values from the model user manual and local expert advice. 

Tingem et al. (2009) suggested crop model set up can be performed using “loose” 

parameterisation, with the understanding that if a crop model’s performance can be 

satisfactory with limited parameterisation, then performance could be even better if 

more data were available. In each location, a minimum description of the first 30 cm 
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of the soil profile with relevant physical and chemical parameters existed from 

various sources e.g. soil survey data, government publications and local, regional 

and international soil databases. Crop cultivar specific parameters were achieved 

through tuning phenology and growth coefficients of each crop variety respectively 

through repeated iteration by minimizing the differences between observed and 

simulated crop yields until a close match was obtained. Only one season was used 

for calibration at each research site due to a lack of observed trial data with sufficient 

detail for such a purpose. However one season could be considered sufficient under 

such limitations. Effort was made to select a season with well distributed rains and 

high nitrogen applications to simulate near non-stress conditions. Initial soil water 

was estimated by running the model 3 months prior to planting. Crop varieties 

calibrated were identified from reported trials. The coefficients were adjusted from 

varieties already found in the DSSAT database to suit identified local cultivars which 

were not available in the database. Information on days to flowering and maturity 

was available for most of the cultivars and guided the selection of cultivars in the 

database. The established cultivar parameters are shown in Table 4 and were 

applied for model validation. Overall, the parameterisation effort was restricted 

reflecting the data limitations typical of the region.  

 

For model validation, an independent data set from separate seasons listed in Table 

2 was used. A twofold validation was performed. First, based on reported station 

experimental trials. These were limited to two or three seasons based on availability 

of records (Table 2). Since the reported experimental trials were carried out at 

agricultural research stations, usually well managed, which is uncommon in 

smallholder dryland systems, an assessment of the model for conditions more 
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representative of the dryland systems was necessary. Therefore, a second validation 

was performed using district-wide crop yields, which were considered to represent 

yields obtainable under sub-optimal conditions common in smallholder drylands. 

Management inputs reflected common smallholder farming practices in each district 

(Table 3). All other input data (climate, soils, and agronomic practices) were used to 

represent conditions over the district. The validation was performed over several 

seasons to assess model performance in capturing seasonal mean crop yields and 

temporal yield variation in response to climate.  

 

A caveat in using district-wide yields as a proxy for yields attainable by smallholder 

farmers in drylands is that farmers operate under varying conditions even in the 

same district. Therefore reported district-wide yields average these vast conditions 

(climate, soils, crop varieties, time of sowing, planting densities, fertiliser application, 

etc). It would be difficult to estimate the different conditions and practices of farmers 

over an entire district. Modelling over a large production area cannot take into 

account the level of detail found at the field or farm scale. A reasonable approach is 

needed to capture heterogeneity over the production environment. In this study, a 

range of conditions were simulated to sample soils and common dryland agronomic 

practices. Two soils, three planting dates (consisting of a one month window ranging 

from early to late planting), three fertiliser amounts (split between basal at planting 

and top dressing 4-6 weeks after planting) and two planting densities were simulated 

per district and crop as summarised in Table 3. In total, 36 treatments were 

simulated per season and crop (12 for groundnuts). The average yield from all 

treatments represented simulated crop yields per season.  
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Yield bias correction 

Generally, the simulated yields would be expected to be considerably different from 

averaged district yields. This results from bias and errors due to differences in the 

actual and estimated environmental (soils, climate, etc.) and management conditions 

(planting dates, fertiliser application, etc.). Site-specific constraints not specifically 

accounted for by the crop model (e.g. pests and diseases, weeds, etc.), and errors 

due to methods used by responsible agencies to arrive at the reported district yield 

value also contribute. The model simulated yields would therefore need to be 

corrected for such bias and errors for each crop and district. The simulated yields at 

district level were corrected against the observed district yields for a more 

representative assessment of model performance. Ideally, a large series of district 

yield data and a detailed description of the variation in physical and management 

conditions over space and time would help to compute bias satisfactorily. In this 

study, bias was computed from the linear relationship between observed and 

simulated district yields over multiple seasons (Table 2). The slope with a zero 

intercept was used as the yield bias correction factor to adjust simulated mean yields 

for each location and crop. Given that the yield bias correction factor is an empirical 

adjustment based on the recorded yields, it would change under different cropping 

practices, scale and environmental conditions. The bias adjusted district mean yields 

were used to assess crop model performance in simulating mean crop yields and 

yield variation using the relative percentage difference (RD %), the co-efficient of 

variation (CV) (Loague and Green 1991), root mean square error (RMSE) and index 

of agreement (d) (Willmott et al. 1985).  
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Results and Discussion 

A common crop variety in each district (Table 3 and Table 4) was calibrated by 

adjusting the phenological and growth coefficients of a selected variety from the 

DSSAT database respectively through repeated iterations until the difference 

between observed and simulated yields were minimised as shown in Figure 1. 

Established coefficients are shown in Table 4 and were used in subsequent 

validations. The results presented in Figure 2 show the performance of DSSAT in 

simulating crop yields recorded from experimental trials held at a research station 

(no bias correction). The figure shows that DSSAT was able to simulate observed 

maize yields well for Lilongwe (R2 = 0.72), Mohale’s Hoek (R2 = 0.96) and Big Bend 

(R2 = 0.996). DSSAT performance in simulating groundnut yields in Lilongwe (R2 = 

0.89), sorghum yields in Big Bend (R2 = 1) and Mohale’s Hoek (R2= 0.70) was also 

satisfactory. However the relationship between simulated and observed Mohale’s 

Hoek sorghum yields was poor due to only two trial results including a 10% mean 

yield over estimation for the 1990/91 season. 

 

A second validation where the crop model was tested for performance in simulating 

district yields as a proxy for yields attainable by smallholder farmers under dryland 

conditions was carried out. Table 5 shows the initial simulations before yield bias 

correction and the bias correction factors determined thereafter. It shows that 

simulated mean crop yields were generally higher for maize and sorghum than the 

recorded district yields for each study site. Simulated yields ranged from 1.5 - 3.5 

times more than the observed yields. Mohale’s Hoek had the largest difference 

between simulated and observed yields, while Big Bend showed the least difference. 
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Sorghum at Mohale’s Hoek had the largest range of simulated yields. Simulated 

groundnut yields for Lilongwe were similar to observed yields. The model outputs 

were bias corrected with district yields in order to translate the effect of factors not 

modelled (see section on yield bias correction).  

 

Table 6 shows results of DSSAT performance in simulating district-wide mean crop 

yields and yield variation over several farming seasons after bias correction. Model 

performance varied across study sites and crops. DSSAT estimated well the 

observed mean crop yields, estimating mean yields within -12.2 % and +2.78 % of 

observed yields across all locations. The model captured accurately the mean yield 

variation of maize (CV of 0.2) but not of groundnut in Lilongwe. The low RMSE 

shows the model was able to capture season to season yield changes well in 

Lilongwe. However, as shown by the weak index of agreement (0.38 - 0.41), the 

amplitude of change was not well captured. For Mohale’s Hoek, mean sorghum yield 

variation for all seasons together was well captured while less than a quarter of the 

maize yield variation was accounted for. Conservative indices of agreement (0.5 and 

0.63) for Mohale’s Hoek and high RMSE (43 %) indicate that the capture of season 

to season yield variation under extreme conditions was uncertain. Stronger indices of 

agreement for Big Bend (0.60 and 0.78) indicated a good capture of seasonal yield 

changes. Yield change amplitudes were well represented for maize (RMSE: 24 %) 

and less so for sorghum (64 %). The capture of yield variation in Big Bend varied 

with crop.  

 

This study sought to test the usefulness of a crop model under limited spatial and 

temporal data, as common in drylands of southern Africa. Point validations were 
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based on one or two sites in a district with only two or three years of trials. At the 

same time, validation at district scale was done over six to fourteen cropping 

seasons with limited information on the spatial variation of climate, soils, and 

management practices. Despite the data limitations, a satisfactory test of crop model 

usefulness for capturing crop yields in study locations was carried out. DSSAT was 

able to produce good estimates of mean crop yields as reported through location 

specific experimental trials as well as district-wide yield estimates in all study 

locations. Relative percentage difference (RD %) between observed and simulated 

mean yields was within an acceptable range (Table 6). This gives indication towards 

good usefulness for studies that seek to apply the model for impact studies that 

focus on long term responses of crops to climate. 

 

DSSAT also demonstrated an ability to simulate season to season yield variation 

albeit with varying degrees of accuracy between locations and crops. Seasonal yield 

variation was captured particularly well for maize in Big Bend and Lilongwe and 

Sorghum in Mohale’s Hoek. Capture of yield deviation from average was less 

accurate for sorghum in Big Bend, maize in Mohale’s Hoek and groundnut in 

Lilongwe. For Big Bend and Mohales’ Hoek, this was caused by the model not fully 

capturing high and low yields caused by extreme weather during some seasons as 

demonstrated by the high RMSEs (RMSE is sensitive to large individual difference 

between observed and simulated yields, therefore amplifies the effect of extremes). 

RMSEs for Lilongwe were small, indicating that the simulations where less affected 

by extreme yields. Big Bend and Mohale’s Hoek experience more extreme climate 

and are much more prone to extreme yield changes than Lilongwe which commonly 

experiences a moderate climate. These results suggested that while the model can 
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perform well in capturing mean yields and long term average impacts under a wide 

range of conditions with data limitations, it may not reproduce well yields obtained 

under extreme climatic conditions for some crops and locations. It is understandable 

that DSSAT does not capture well the amplitude of yield changes under extreme 

climate conditions in this particular case because required inputs were not 

sufficiently available and the model was set up using average yields. Using different 

approaches, Easterling et al. (1996) tested the EPIC model and Carbone et al. 

(2003) tested the CROPGRO model in DSSAT and similarly observed that over 

larger areas where a lot of estimations have to be made, models are less reliable 

under extreme weather especially rainfall. More indepth investigation is required 

under shorter times, preferably with more detailed data to fully assess model 

usefulness under extreme climates. The ability of crop models to represent yield 

changes under extreme climates is particularly of interest for dryland systems of 

southern Africa where farmers regularly operate under sub-optimal conditions and 

are very prone to the vagaries of climate.  More reliable estimations of season to 

season variation in low input dryland systems are therefore necessary. Reliability 

can be improved through improvements in data. Detailed soil input parameters 

related to processes that constrain crop growth under very dry conditions or boost 

yields under wet conditions e.g. water retention characteristics, organic matter and 

nitrogen turnover will be required. Gaiser et al. 2010 while validating the EPIC model 

in the drylands of western Africa, also found this to be true. A more detailed 

representation of smallholder agronomic practices especially fertiliser application and 

sowing times, which are known to considerably affect crop yields in extreme climate 

conditions, will also help to improve model performance.  
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The over estimation of yields shown in Table 5 can partly be attributed to events 

unaccounted for by the model (e.g. hail), differences in actual and simulated 

environments (soils, climate, crop varieties, management practices, etc.) and errors 

in recorded district data. Other studies have also shown similar over estimation from 

crop models e.g. CROPGRO (Jagtap and Jones 2002) and EPIC (Brown and 

Rosenberg 1999) when estimating crop yields over a large area like a district. This 

also points towards the need to gather more data regarding the variation of climate, 

soils, crop varieties and agronomic. Under smallholder dryland conditions in 

southern Africa, nutrient and water limitations are primary drivers of systems 

performance (Whitbread et al. 2010). Carrying out experimental trials and surveys to 

collect data relating to nutrient and water limitations along with variation of physical 

conditions and agronomic practices of smallholder drylands systems over time and 

space in the region would be invaluable for capturing these peculiar conditions and 

for better model initialisation and parameterisation to account for them. This can be 

supported through collaborations between the modelling community, local farmers 

and extension and better data preservation and sharing.   

 

The approach used in this study to represent dryland smallholder conditions where 

biophysical data limitations are common i.e. bias corrected district averaged yields, 

is not without its caveats. However, it proved useful in assessing crop model 

performance and highlighting areas of further interest in setting up crop models, 

notably improvement of models for seasonal yield change estimation, particularly 

under extremes. Overall, baring limitations (extreme climate, effects of weeds, pest 

and diseases etc.), DSSAT can be considered robust in diverse environments in 

southern Africa for simulating impacts of climate and agronomic practices on dryland 
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crops in the region. The study showed that the model performed best for yields that 

were close to average where spatial and temporal data are in short supply. 

 

Conclusion 

The DSSAT crop model was used as a modelling sample for testing crop model 

usefulness for simulating crop yields in conditions common in southern Africa; 

dryland farming systems with data limitations. Acknowledging DSSAT model 

limitations under varied physical and management conditions in the region, the crop 

modelling capacity for sub-optimal dryland conditions in southern Africa in response 

to climate and agronomic management was acceptable. Results suggested that 

under data limitations, crop models are more useful for investigating average crop 

yield responses over long periods, but may require deeper investigation regarding 

usefulness for simulating yield responses over shorter time, especially in areas 

prone to extreme climates. This understanding is critical in smallholder dryland 

systems given their climate dependency. Further investigations into improving 

parameterisation to capture yields under extreme climates will be helpful for model 

applications. For better capture of site specific crop responses and yield variation, 

more effort should be directed towards improved characterisation of soil variation, 

soil input parameterisation (initial soil water and nitrogen, organic content etc.) and 

the determination of relevant agronomic practices of farmers (fertilisation and 

planting).This study demonstrated that despite data limitations in southern Africa, 

where data requirements for model validation are not easily met, crop models can be 

satisfactorily tested and are still useful for impact studies, especially long term 

impacts. 
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Tables 

Table 1: Physical characteristics of study sites. Mean annual temperatures and rainfall. In parenthesis 

are averages over the growing season (October-April). 

District Longitude Latitude Elevation 

(m) 

                   Temperature (°C) Rainfall 

(mm)        Mean  Maximum  Minimum  

Big Bend -26.85 31.92 138 22  (24.7) 29 (30.6) 14.9 (20.7) 608 (517)  

M’ Hoek -30.15 27.47 1620 15.6 (18.9) 22.7 (25.7) 8.4 (13.4) 700 (602) 

Lilongwe -13.78 33.77 1229 19.9 (21.8) 25.5 (26.6) 14.8 (17.1) 826 (810) 
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Table 2: Soil Class, seasons and references to some documents and reports used for DSSAT calibration and validation for study sites. Validation was 

performed at station and for the district. 

Study 

site 

Soils Crop Seasons 

(calibration) 

             Seasons (validation)                   References 

 
      Station       District 

 

 
Big Bend 

 

Sandy Clay Loam  

Maize 90/91 89/90; 94/95 90/91; 91/92; 92/93; 93/94; 

95/96; 97/98; 98/99; 99/00; 
00/01; 01/02; 02/03 

Mkhabela et al. (2001); ARD (1991);  

ARD (1992); Murdoch (1970) 

Clay Loam Sorghum 87/88 88/89; 89/90 92/93; 93/94; 1994/95; 95/96; 

97/98; 02/03 

       

 

 
Mohale’s 
Hoek  

 

Silty Loam  

Maize 88/89 86/87;87/88; 

88/90 

89/90 – 02/03  ARTI (1986); ARTI (1996); Massey et al. 

(1991); Massey et al. (1992a); Carroll and 
Bascomb (1967); Massey et al. (1992b); 
Ebenebe (1998) Sandy Clay Loam Sorghum 89/90 88/90; 90/91 89/90 – 02/03  

       

 

 
Lilongwe 

 

Sandy Clay Loam  

Maize 90/91 92/93; 95/96 96/97; 97/98; 98/99; 99/00; 

00/01; 01/02; 02/03 

Benson and Kumwenda (1998); Chigowo and 

Saka, 2001; Munthali and Chirembo (1999); 
Hildebrand and Bock (1990); Mwale et al. 
(2011); CRS (2008); Sandy Clay Loam Groundnut 96/97 97/98; 98/99 96/97; 97/98; 98/99; 99/00; 

00/01; 01/02; 02/03; 03/04; 
04/05; 05/06  06/07 
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Table 3: Physical and chemical characteristics; Bulk Density (BD), Organic Carbon (OC), Clay 

content (C), Silt content (SI), pH, Drainage Lower Limit (DUL), Drainage Upper Limit (DLL), Saturation 

(SAT) of selected soils and simulated estimate agronomic practices of smallholder farmers.  

Study 
site 

Soils Crop 
Variety 

Fertiliser 
(kg/ha) 

Planting 
density 

(plants/ha) 

Planting 
dates 

BD 
(g/cm3) 

OC 
(%) 

CL 
(%) 

SI 
(%) 

pH 
(%) 

DLL 
(cm 3/cm3) 

DUL 
(cm 3/cm3) 

SAT 
(cm 3/cm3) 

 

Big 
Bend 

 

1.6 

 

0.3 

 

30 

 

11 

 

7.7 

 

0.22 

 

0.30 

 

0.39 

Maize 

PAN473 

0-200 30 000,    

33 000 

10 Nov, 

25 Nov, 
10   Dec 

 
1.6 

 
1.6 

 
39 

 
24 

 
8.2 

 
0.18 

 
0.35 

 
0.37 

Sorghum 
DC75 

0-150 50 000,   
60 000 

1    Dec, 
15 Dec, 
30   Dec 

             
 

Mohale’s 
Hoek  

 

1.49 

 

1.74 

 

38 

 

23 

 

4.3 

 

0.20 

 

0.37 

 

0.41 

Maize 

PAN473 

0-100 25 000,    

30 000 

15 Oct, 

30 Oct, 
15   Nov 

 
0.9 

 
7.3 

 
10 

 
49 

 
5.2 

 
0.15 

 
0.34 

 
0.47 

Sorghum 
PAN854 

0-100 50 000,    
60 000 

15   Nov, 
10  Dec, 

25   Dec 
             
 
Lilongwe 

 

1.56 

 

0.8 

 

38 

 

6 

 

5.1 

 
0.22 

 
0.31 

 
0.39 

Maize 
MH17 

0-300 33 000,    
37 000 

10 Nov, 
25 Nov, 

10   Dec 
 
1.4 

 
1.7 

 
28 

 
21 

 
5.5 

 
0.19 

 
0.32 

 
0.43 

G’ nut 
Malimba 

0 45 000,    
55 000 

10 Nov, 
25 Nov, 
10   Dec 
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Table 4: Cultivar coefficient values after calibration (GDD: Growing Degree Days, PTU:  (Photo 

Thermal Units)).  

Location Cultivar Cultivar coefficients 

   

 Sorghum P1 

(GDD) 

P2 

(GDD) 

P3 

(GDD) 

P4 

(GDD) 

P5 

(GDD) 

G1 G2     

Big Bend PAN854 400.0  102.0 152.5 81.5 540.0 5.0 6.0     

M’s Hoek  DC75 200.0   90.0 100..5 81.5  400.0 0.0 6.0     

             

 Maize P1 

(GDD)   

P2 

(GDD) 

P5 

(GDD) 

G2  G3 

(mg/day) 

      

Lilongwe MH17 250.4  1.585 850.6 810.0   5.85       

M’s Hoek  PAN473 100.0  1.500 840.6 400.0   6.35       

Big Bend PAN473 290.0  1.000 1035.0 450.0 7.70       

             

 G’nut R1 

(PTU) 

R3 

(PTU) 

R5 

(PTU) 

R7 

(PTU) 

SIZLF 

(cm 2)   

XFRT WTPSD 

(g) 

SFDUR 

(PTU) 

SDPDV 

(#/pod) 

PODUR 

(PTU) 

THRSH 

(%) 

Lilongwe Malimba 20.4    9.3   16.4 60.90 20.0   0.71 0.962   28.1   1.42   10.0   72.0 

Maize  - P1: Juvenile phase coeff icient. P2: Photoperiodsm coeff icient. P5: Grain f illing duration coeff icient. G2: Kernel number 

coeff icient. G3: Kernel w eight coeff icient.  

Sorghum - P1: Juvenile phase coeff icient. P2: Tasseling coeff icient. P3: Anthesis coeff icient. P4: Grain f illing coeff icient. P5 

Maturity coeff icient. G1: Relative leaf size scaler. G2: Partitioning to panicle scaler. 

Groundnut - R1:   Time to f irst f low er. R3: Time to f irst pod. R5: Time to f irst seed. R7: Time to maturity. SIZLF: Maximum leaf 

size. XFRT: Fraction partitioned to seed & shell. WTPSD: Maximum w eight per seed. SFDUR: standard seed f illing duration. 

SDPDV: Average seed per pod. PODUR: Time to f inal pod load. THRSH: Maximum ratio of seed/(seed+shell) at maturity. 
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Table 5: Observed and simulated district mean yields (kg/ha) before bias correction (b). Ranges are 

shown in parenthesis. 

District Crop Observed (kg/ha) Simulated (kg/ha) b 

Big Bend Maize 1228 (600 – 1653) 1834 (1420 - 2640) 0.59 

Sorghum 742 (332 - 1680) 1591 (1032 - 1914) 0.48 

     

Mohale’s 

Hoek 

Maize 741 (191 - 1813) 2538 (2101 - 3150) 0.30 

Sorghum 664 (220 - 1220) 2092 (753 - 4238) 0.29 

     

Lilongwe Maize 1202 (914 - 1569) 3288 (1864 - 3740) 0.36 

Groundnut 815 (658 - 1143) 861 (737 - 923) 0.93 
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Table 6: Comparison of observed, simulated mean crop yields after bias adjustment, showing the 

coefficient of variation (CV), relative percentage difference (RD%), root mean square error (RMSE) 

and index of agreement (d) for a number of seasons per study district.  

District Crop Seasons  Mean 
(kg/ha) 

CV RD 
(%) 

RMSE 
(%) 

d 

         

Big Bend Maize 6 Observed 1228 0.4    

  Simulated 1078 0.25 -12.2 24.4 0.78 

Sorghum 6 Observed 742 0.8    

  Simulated 764 0.24 2.9 63.9 0.60 

         

         

Mohale's Hoek Maize 14 Observed 741 0.53    

  Simulated 763 0.12 2.98 43.4 0.50 

Sorghum 14 Observed 664 0.42    

  Simulated 611 0.41 -8.1 43.1 0.63 

         

         

Lilongwe 
 

Maize 
 

7 
 

Observed 1202 0.2    

  Simulated 1169 0.2 -2.74 23.8 0.41 

Groundnut 
 

11 
 

Observed 815 0.17    

  Simulated 861 0.08 2.36 17.7 0.38 
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Figures 

 

Figure 1: Calibration simulations for crop yields (by adjusting varietal phenology and growth 

coefficients) for 1 season per district. 
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Figure 2: Relationship between observed and simulated crop yields for Lilongwe, Mohale’s Hoek and 

Big Bend. Solid line shows 1:1 relationship. 

 


