
water

Article

Potential of Deficit and Supplemental Irrigation under
Climate Variability in Northern Togo, West Africa

Agossou Gadédjisso-Tossou 1,2,* , Tamara Avellán 1 and Niels Schütze 2

1 United Nations University Institute for Integrated Management of Material Fluxes and of
Resources (UNU-FLORES), Ammonstrasse 74, 01067 Dresden, Germany; avellan@unu.edu

2 Institute of Hydrology and Meteorology, Technische Universität Dresden, 01069 Dresden, Germany;
niels.schuetze@tu-dresden.de

* Correspondence: Agossou.Gadedjisso-Tossou@tu-dresden.de; Tel.: +49-351-7999-3816

Received: 22 October 2018; Accepted: 4 December 2018; Published: 7 December 2018
����������
�������

Abstract: In the context of a growing population in West Africa and frequent yield losses due to
erratic rainfall, it is necessary to improve stability and productivity of agricultural production systems,
e.g., by introducing and assessing the potential of alternative irrigation strategies which may be
applicable in this region. For this purpose, five irrigation management strategies, ranging from no
irrigation (NI) to controlled deficit irrigation (CDI) and full irrigation (FI), were evaluated concerning
their impact on the inter-seasonal variability of the expected yields and improvements of the yield
potential. The study was conducted on a maize crop (Zea mays L.) at a representative site in northern
Togo with a hot semi-arid climate and pronounced dry and wet rainfall seasons. The OCCASION
(Optimal Climate Change Adaption Strategies in Irrigation) framework was adapted and applied.
It consists of: (i) a weather generator for simulating long climate time series; (ii) the AquaCrop model,
which was used to simulate the irrigation system during the growing season and the yield response
of maize to the considered irrigation management strategies; and (iii) a problem-specific algorithm for
optimal irrigation scheduling with limited water supply. We found high variability in rainfall during
the wet season which leads to considerable variability in the expected yield for rainfed conditions
(NI). This variability was significantly reduced when supplemental irrigation management strategies
(CDI or FI) requiring a reasonably low water demand of about 150 mm were introduced. For the
dry season, it was shown that both irrigation management strategies (CDI and FI) would increase
yield potential for the local variety TZEE-W up to 4.84 Mg/ha and decrease the variability of the
expected yield at the same time. However, even with CDI management, more than 400 mm of water
is required if irrigation would be introduced during the dry season in northern Togo. Substantial
rainwater harvesting and irrigation infrastructures would be needed to achieve that.

Keywords: AquaCrop model; maize; deficit irrigation; crop-water production function; West Africa

1. Introduction

The present world population of 7.3 billion will increase to 9.7 billion by 2050 [1]. Similarly, the
medium variant of the UN Population Division [2] predictions disclose that the total population of
the West African region would increase from 350 million in 2015 to 450 million in 2030, and nearly
800 million in 2050. FAO [3] estimates that agricultural production will have to rise by 60% by 2050
to meet the world’s projected demands for food and feed. In West Africa, Liniger et al. [4] reported
that food production should increase by 70% by 2050 to meet the necessary caloric requirements.
However, a lack of available water for agricultural production, the energy sector, and other forms of
anthropogenic water consumption is already harming several parts of the world. This lack of water
is projected to become more severe with the growing population, rising temperatures, and altering
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precipitation patterns [5]. The variation of the food diets in many developing countries compound this
problem and lead to the demand for more processed food and animal proteins by consumers [6].

The World Bank [7] reports that the rate of increase in food demand is projected to be higher in
developing than in developed countries. These are also the regions that are subject to a wide yield gap.
The world demand (billion tons) of cereals was 1.20 in 1974, 1.84 in 1997 and is expected to be 2.50 in
2020 [8]. In addition, van Ittersum et al. [9] pointed out that Sub-Saharan Africa (SSA) is the region
with lowest food security because by 2050 its demand for cereals will almost triple, whereas current
levels of cereal consumption already rely on considerable importations.

Lobell and Gourdji [10] pointed out that, in the past several decades, air temperatures have been
increasing in most of the main cereal cropping areas around the world. They added that the changes in
temperature and the intensity and seasonal volume of rainfall are impacting soil moisture. In turn, soil
moisture is of high importance for crop production. In developing countries, particularly, the changes
in these climatic variables over time are likely to have a damaging impact on water accessibility, which
in turn affects crop yield. Kotir [11] and Druyan [12] stressed the fact that researchers have described
Sub-Saharan Africa as the most sensitive region to the impacts of climate variabilities and change
because of its dependence on rainfed agriculture and low capacity for adaptation. Moreover, Sarr [13]
contended that the West African region has faced decades of severe drought, which have affected
agricultural production substantially. The observations already show the late onset and early cessation
dates of rainfall and the reduction of length of growing period.

According to the Togolese Ministry of the Environment and Forestry (MERF) [14], in the dry
savannah of northern Togo, a West African country, the wet season, which spanned six months in the
1970s, has reduced to five or four months nowadays. Consequently, on the one hand, a substantial
amount of rainwater falls within a short period causing flooding, while, on the other hand, frequent
dry spells in the wet season lead to crop failure [15]. In addition, there is no rainfed agricultural activity
during the dry season in northern Togo because of a lack of rainfall [16].

Researchers and practitioners are putting more focus on producing more with limited resources
in agriculture to meet the food demand and at the same time address the adverse effects of climate
change [17–19]. Agriculture, which accounts for 38% of Togo’s gross domestic product, provides
over 20% of export earnings and employs 70% of the active population. Togolese agriculture is
predominantly rainfed [20,21]. According to the International Commission on Irrigation and Drainage
(ICID) [22], rainfed agriculture is “agriculture without application of irrigation. It may be without,
or with a drainage system.” A promising practice to overcome water shortage in rainfed cropping
systems is supplemental irrigation (SI). The ICID [22] defines SI as: “the addition of small amounts of
water to essentially rainfed crops during times when rainfall fails to provide sufficient moisture for
normal plant growth, in order to improve and stabilize yields.” SI practice increases yields and water
productivity in rainfed cropping systems [23]. In addition, conventional irrigation systems can be used
to improve crop productivity. The ICID [22] defines conventional irrigation as: “the replenishment of
soil water storage in plant root zone through methods other than natural precipitation”.

Irrigation scheduling is the procedure of deciding when, where, and how much water to apply [24]
for irrigation. Farmers can apply the total crop-water requirements or more in the right period if water
is available. This practice is called full irrigation (FI). When water provisions are limited, or irrigation
expenses are great, FI may be substituted by deficit irrigation (DI) [25]. This is limited irrigation
scheduling in agriculture [26]. DI can be controlled or otherwise. Uncontrolled DI is equivalent to
rainfed agriculture. English [27] and English and Raja [28] defined controlled deficit irrigation (CDI)
as the concept of intentionally and systematically under-irrigating a crop. English [27] developed an
analytical framework to evaluate the profit when optimizing water use. Thus, he included implicitly
economic aspects in the definition. Later, Lecler [29] provided a more explicit definition: “CDI is
an optimization strategy by which net returns are maximized by lessening the volume of irrigation
water applied to a crop to a level that results in some yield loss caused by water stress”. Recently,
Fereres and Soriano [30] defined CDI as the application of water below full crop-water requirements
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or evapotranspiration. The objective of applying limited water is to cope with scarce water supplies
and improve productivity. Kögler and Söffker [31] reported that CDI practice contributes to saving up
to 20–40% irrigation water at yield reductions under 10%. It can contribute to increasing farmers’ net
income where water is scarce [27]. Thus, CDI is an irrigation management practice that contributes to
enhancing food security.

Many studies that applied the simulation-based approach to assess deficit irrigation
strategies failed to consider the variability of relevant climate factors—such as precipitation and
temperature—and soil properties [32,33]. Semenov [34] and Brumbelow and Georgakakos [35],
among others, analyzed possible impacts of climate variability and climate change on agriculture
using process-based simulation models. Most of these studies only look at rainfed or non-irrigated
sites or assumed full irrigation. Few researchers, including Schütze and Schmitz [36] and
Brumbelow and Georgakakos [35], assessed limited irrigation systems and the impact of climate
variability on crop-water production functions (CWPF). Brumbelow and Georgakakos [35] derived
probability distribution functions of CWPF (CWPF-PDs) using climate change scenarios data of the
Intergovernmental Panel on Climate Change (IPCC). Schütze and Schmitz [36] delved into the CWPF
concept and suggested a stochastic framework in the form of a decision support tool for Optimal
Climate Change Adaption Strategies in Irrigation (OCCASION) for deriving site-specific stochastic
CWPFs (SCWPFs). To perform such analyses, one needs to utilize crop models to simulate the potential
or expected crop yield for a given soil, climate, and management practice condition.

Several crop simulation models such as DSSAT [37], AquaCrop [38–40], DAISY [41], CropWat [42],
APSIM [43], and PILOTE [44] are available in the literature to simulate yield response to water. It is
important to recognize that most of these models show substantial complexities and require several
data to run. Most of these models require many parameters to run, and many are not readily available
in the field and need to be determined experimentally [45]. Exceptionally, the AquaCrop model uses
relatively few explicit and mostly intuitive parameters and input variables, requiring simple methods
for their derivation [46]. For instance, unlike AquaCrop, the DSSAT model requires input data about
crop genetics and pest management [37], while APSIM requires NO3 and NH4 content of the soil
layers [43].

Few studies have investigated irrigation management strategies on crops in the dry savannah area
of northern Togo [20]. Therefore, this study assessed the potential of deficit and supplemental irrigation
in northern Togo. Specifically, the study aimed at: (i) characterizing the climate of a water-scarce site in
northern Togo, West African region; and (ii) evaluating five irrigation management strategies, ranging
from no irrigation (NI) to CDI and FI for a maize crop (Zea mays L.) at a representative site in northern
Togo with pronounced dry and wet rainfall seasons.

2. Materials and Methods

2.1. Study Area

Togo is a small West African francophone country. It is bordered by the Bight of Benin and Burkina
Faso in the south and north, respectively. Togo is bound in the west by Ghana and in the east by Benin.
Geographically, it lies between latitudes 6◦ N and 11◦ N, and longitudes 0◦ E and 2◦ E. It covers a
surface of 56,600 km2 and has a long, narrow profile, stretching more than 550 km from north to south
but not exceeding 160 km in width [47]. Its population is estimated to be 6,191,155 [48].

We conducted this study in the Dapaong district, northern Togo (Figure 1). Dapaong belongs to the
Southern-Guinea-Savannah agro-ecological zone [49]. The principal rainfed crops grown include maize
(Zea mays), sorghum (Sorghum bicolor), and pearl millet (Pennisetum glaucum), mainly for subsistence,
while cash crops such as cotton (Gossypium hirsutum) are also cultivated. Some vegetables and legumes
such as okra (Abelmoschus esculentus), cowpea (Vigna unguiculata), and soybean (Glycine max) are grown
in association with the cereals mentioned above. The vegetation type is a woody savannah, with
noticeable agricultural farms. The primary tree species are Parkia biglobosa, Butyrospermum parkii, and
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Acacia sieberiana [50]. The Togolese Institute of Agricultural Research (ITRA) [51] and Didjeira et al. [52]
identified maize crop as the staple food in Togo, and it represents 60% of the cereals consumed by the
population. On the farms close to the houses, the main cropping system is intercropping (cereal–legume
mixtures), while on the farms far from the houses, farmers practice monoculture [53]. Since cotton is
grown with a high level of pesticides, intercropping is not possible on cotton farms. Hoes and cutlasses
are the primary tools of cultivation.
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Figure 1. Map of northern Togo indicating the study area (Dapaong district).

According to Köppen–Geiger’s climatic classification, the climate of Dapaong district is hot
semi-arid (BSh) [54]. The period from mid-April to mid-October is humid, while in the other months
dry conditions predominate in Dapaong. The months from June to September show high rainfall
(Figure 2). These high annual values of rainfall are sufficient for rainfed cereal crops in northern Togo.
The annual rainfall is, however, very unequally dispersed. From November to March (or sometimes
April), there is practically no rainfall in the area. From May to October, a substantial amount of rainfall
is recorded. Consequently, northern Togo is characterized by a single wet season in a year. This
explains why farmers adopt intercropping to obtain the range of crops they need. Introducing irrigated
crops in the dry season may help farmers to sustain their production. The mean annual temperature is
28.1 ◦C, and the annual total precipitation is 1050 mm. The mean daily maximum temperature of the
driest month is around 37 ◦C, whereas the mean daily minimum temperature of the wettest month
is 20 ◦C (Figure 2). In January and February, a robust dusty wind named harmattan, blowing in the
northeast direction from the Sahara Desert, increases the dryness of the weather in the area [16].
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Figure 2. Walter–Lieth [55] climate diagram for northern Togo based on data collected at Dapaong
Meteorological Station (Latitude: 10◦51′44.10′ ′ N, Longitude: 0◦12′27.43′ ′ E, Altitude: 330 m above sea
level). Rainfall and temperature data were measured between 1980 and 2016.

With a population density of 96 inhabitants per km2, over 88% of the population live under the
poverty line (US$ 2/day) [56,57]. Complicated communal land tenure favors men, and encourages
farm fragmentation. Women access only marginal lands characterized by reduced soil fertility. Most
farmers are smallholders with less than 1.5 ha of land under cultivation [53]. Crop yields are generally
low due to erratic rainfall, low soil fertility, low-quality seeds, and inappropriate land preparation
tools, among others. Farmers’ livelihood depends on small-scale farms with low input, and mixed
crop–livestock agriculture. Regarding poultry, most farmers have local hens, cocks, and guinea fowls
in their houses. Some families raise local dwarf goats and pigs [53].

2.2. Methods

2.2.1. Adapted Framework for the Evaluation of Irrigation Management Alternatives

In this study, we investigated five irrigation management strategies. These are NI, CDI for
supplemental irrigation, CDI for conventional irrigation, FI for supplemental irrigation, and FI for
conventional irrigation. The NI is equivalent to the rainfed system, the type of agriculture most farmers
are practicing in Dapaong. When rainfall is unevenly distributed throughout the wet season, farmers
have the option to apply an optimal amount of irrigation water to supplement the shortage (CDI for
SI) or use the fully required amount (FI for SI). On the other hand, in the dry season, farmers can
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deliberately apply an optimal amount of irrigation water (CDI for conventional irrigation) or fully
irrigate the plants (FI for conventional irrigation). When combining these strategies with dry and wet
seasons, we obtain the following: (i) NI for the wet season (WS-NI); (ii) CDI for supplemental irrigation
system in the wet season (WS-CDI); (iii) full irrigation for supplemental irrigation system in the wet
season (WS-FI); (iv) CDI for conventional irrigation system in the dry season (DS-CDI); and (v) full
irrigation for conventional irrigation system in the dry season (DS-FI). In this study, one should bear
in mind that we only dealt with the physiological and agronomical aspects of DI—crop response to
different irrigation regimes—without any economic evaluation. The summary can be seen in Table 1.

Table 1. Irrigation management strategies investigated.

Type of Irrigation System

Irrigation Management Strategies
Application Scenarios

Limited Supply Full Supply

Uncontrolled Controlled Controlled Wet Season (WS) Dry Season (DS)

No irrigation NI – – x –
Supplemental irrigation – CDI FI x –
Conventional irrigation – CDI FI – x

CDI, controlled deficit irrigation; FI, full irrigation; NI, no irrigation.

The OCCASION framework was adapted and used to assess the five irrigation management
strategies mentioned above (Figure 3). The adapted framework consists of: (i) a weather generator for
simulating long climate time series; (ii) the AquaCrop model, which was used to simulate the irrigation
system during the growing season and the yield response of maize to the considered irrigation
management strategies (Figure 3, Loop 1); and (iii) a problem-specific algorithm for optimal irrigation
scheduling with limited water supply (Figure 3, Loop 2). The latter is named Global Evolutionary
Technique for OPTimal Irrigation Scheduling (GET-OPTIS) (For more details, see [33]). A range of
given maximum volumes of water is then assigned; a complete CWPF can be derived. The produced
CWPF characterizes the maximum yields that can be attained with a given amount of water and is
designated the potential CWPF. Then, the crop simulation model was run for a long-term climate time
series data yielding a necessary amount of CWPFs. Also, optimized irrigation schedules are obtained.
Subsequently, the resulting CWPFs were analyzed, and the SCWPFs obtained through parameters of
descriptive statistics such as mean, median, and probability of exceedance, among others. SCWPFs
are empirical probability functions where, for every volume of applied irrigation water, the marginal
distribution function of the yield related to it can be derived. The probability of exceedance represents
the reliability that a specific yield can be achieved [32].

2.2.2. Processing of Climate Data and Set-Up of the LARS Weather Generator

Historical weather observations, including daily maximum temperature, daily minimum
temperature, daily rainfall, daily wind speed, daily minimum humidity, and daily maximum humidity
were obtained from the nearest meteorological station to the study site—courtesy of the National
Weather Service of Togo. These daily weather data available at the station range from 1983 to 2011. In
addition, the observed monthly rainfall and maximum and minimum temperatures data from 1980 to
2016 were provided. These monthly data were utilized to characterize the climate of northern Togo
with the climate diagram of Walter and Lieth [55]. The Dapaong meteorological station is located at
latitude 10◦51′44.10′ ′ N, longitude 0◦12′27.43′ ′ E, and altitude 330 m above sea level (Figure 1). The
solar radiation data, as well as sunshine hours data, were not available at Dapaong weather station. As
a substitute, the uncorrected gridded incident solar radiation from the Prediction of Worldwide Energy
Resource dataset from the National Aeronautics and Space Administration project NASA-POWER [58]
was utilized. Van Wart et al. [59] showed that NASA-POWER is a good source of climate data for crop
yields simulation studies. It is publicly accessible, shows acceptable general agreement with ground
data for incident solar radiation, and has been used by similar previous studies (See Section 2.2.4).
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Figure 3. General framework for generating stochastic crop water production functions (adapted from
Schütze and Schmitz [36]).

Since the 29-year period (1983–2011) of weather data is not long enough to be used in the
assessment of climate variability effect on crop yield, the Long Ashton Research Station Weather
Generator version 4.0 (LARS-WG)—a stochastic weather generator—was used to generate a 100-year
period of near future climate data. In this study, out of the existing weather generators, LARS-WG
was used for two reasons. Firstly, it uses more complex distributions for weather variables and has
been tested for diverse climates and found to be better than some other weather generators such as
WGEN [60] (Appendix A). Secondly, Semenov [61] recently tested LARS-WG at different locations
across the world and revealed its ability to model rainfall extremes with acceptable performance.
Similarly, Mehan et al. [62] provided insights into the suitability of LARS-WG for use with water
resource applications. Guo et al. [63] suggested performing more than a single realization when
generating weather data using LARS-WG for hydrologic and environmental applications. We assessed
the performance of the LARS-WG in simulating weather data of Dapaong by comparing the observed
and the simulated data with the Kolmogorov–Smirnov test (KS-test). We used the KS-test for the
comparison of the probability distributions for each month. The KS-test is a non-parametric and
distribution-free test that tries to determine if two datasets are extensively different and come from
different distributions. It is an alternative to the Chi-square goodness of fit test. The KS-test compares
the two empirical distribution functions as in Equation (1) [64].

D = |E1(i)− E2(i)| (1)

where E1 and E2 represent the empirical distribution functions of the two distributions, and D is the
absolute difference between them.

The KS-test examines for changes in distributions coming from the generated and observed
weather. The KS-test calculates a test statistic and an equivalent p-value [65]. It shows how likely it
is that the generated and observed data originate from the same distribution. If the p-value is very
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low and below the significance level, set to 0.01 or 0.05, the simulated climate is unlikely to be the
same as the “true” climate. Although a p-value of 0.05 is the standard significance level employed in
most statistics, the authors of the LARS-WG model recommended that a p-value of 0.01 should be
considered as the satisfactory significance level.

The calibrated LARS-WG for Dapaong was then used to forecast the 100-year daily rainfall and
temperature data mentioned above for a near future. For this, the outputs of the General Circulation
Models (GCMs) HADCM3 (Hadley Centre Coupled Model version 3) of the IPCC Special Report on
Emission Scenarios (SRES) A2 were inputted into LARS-WG. The HADCM3 is the product of the UK
Meteorological Office, gridded as 2.5◦ × 3.75◦. These long-term data were used to run the AquaCrop
model to assess the five irrigation management strategies.

2.2.3. Description and Set-Up of the Crop Simulation Model

AquaCrop, a water-driven crop simulation model, was developed in 2009 by the Food and
Agriculture Organization (FAO) of the United Nations [38–40]. The development of the AquaCrop
model is based on the algorithm of yield response to water in FAO Irrigation and Drainage Paper No.
33 [66]. AquaCrop evolves from the previous Doorenbos and Kassam [66] Ky approach (Equation (2)),
where relative evapotranspiration (ET) is pivotal in calculating yield.

(Yx − Ya)

Yx
= Ky

[
(ETx − ETa

ETx

]
(2)

where Yx and Ya are the maximum and actual yield, respectively; ETx and ETa are the maximum and
actual evapotranspirations, respectively; and Ky is the proportionality factor between relative yield
loss and relative reduction in evapotranspiration.

AquaCrop simulates crop yield in four steps: crop development, crop transpiration, biomass
formation, and yield formation [40]. Four water stress response coefficients are considered in the model.
These are related to canopy expansion, stomatal conductance, canopy senescence, and harvest index [67].

2.2.4. Soil Data and Calibration of the Crop Simulation Model

We retrieved the physical characteristics data of soils in Dapaong from Poss [68]. These measured
soil physical characteristics were used as input into the Soil Water Hydraulic Properties Calculator
(http://hydrolab.arsusda.gov/soilwater/Index.htm) to compute various soil hydraulic parameters
required to run AquaCrop. We used this soil water hydraulic properties calculator because it has been
employed in previous studies in the West African region (e.g., Akumaga et al. [69]). These include
volumetric soil water content at field capacity, permanent wilting point, saturation, and saturated hydraulic
conductivity (Table 2). Poss [68] classified the soil of Dapaong as sandy loam. According to the World
Reference Base for Soil Resources, the soil in northern Togo is characterized Dystric-Ferric Luvisols [70,71].

Table 2. The soil description and properties of Dapaong (See Poss [68]).

Soil Depth (cm)

Texture
OM
(%)

dB
(g/cm)

SAT
(Vol.%)

FC
(Vol.%)

PWP
(Vol.%)

Ksat
(mm/da) Textural ClassSand

(%)
Silt
(%)

Clay
(%)

0–20 72.5 20.5 7.0 1.5 1.5 42.7 13.3 5.3 1252.6 Sandy Loam
20–50 72.0 19.0 9.0 0.9 1.6 40.8 13.5 5.9 503.0 Sandy Loam
50–110 66.5 18.0 15.5 0.7 1.6 39.9 18.3 10.0 239.5 Sandy Loam

FC, field capacity; PWP, permanent wilting point; SAT, saturation (SAT); Ksat, saturated hydraulic conductivity; dB,
soil bulk density; OM, organic matter content in the soil.

Regarding the crop parameters, some of them were assumed to be conservative. The values
of conservative parameters used in our study are the same as values proposed by FAO [72] (not
presented here). The others, non-conservative or crop-specific, were estimated using measured data
retrieved from the ITRA [51], Didjeira et al. [52], and Worou and Saragoni [73] studies conducted in
northern Togo (Table 3). These data were used to fine-tune the maize parameters to the local agronomic

http://hydrolab.arsusda.gov/soilwater/Index.htm
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and management conditions of the study area before running the simulations in AquaCrop. These
parameters include information about sowing, canopy cover, canopy senescence, flowering, rooting
depth, harvest index, soil management, and the maize cultivar used. Regarding the calibration of
the canopy cover, we used the options in AquaCrop to estimate the initial canopy cover (CCo) from
sowing rate, seed weight, seed number and estimated germination rate. Subsequently, the canopy
expansion rates were automatically estimated by AquaCrop after we entered the phenological dates
such as dates of emergence, maximum canopy cover, senescence and maturity. The AquaCrop model
simulations were run in growing degree day (GDD) calculated from temperature data used as climate
input. Geerts et al. [74], Salemi et al. [75], and Silvestro et al. [76] reported on the most sensitive
parameters in AquaCrop obtained through sensitivity analysis testing. The essential crop-specific
parameters used to calibrate the AquaCrop model for simulating maize growth and productivity for
the study area are presented in Table 3. It should be noted that the calibration of AquaCrop model in
this study is preliminary, thus the conclusions that emanated from the simulations are qualitative. The
main idea was to compare the irrigation management strategies assessed in this study qualitatively.

Table 3. Non-conservative parameters adjusted and agronomic information for Dapaong, Togo.

Parameter Description Value Units or Meaning

Time from sowing to emergence 7 (135) DAP(GDD)
Time to maximum canopy cover 60 (1109) DAP(GDD)
Time from sowing to maximum rooting depth 67 (1257) DAP(GDD)
Time from sowing to start of canopy senescence 76 (1408) DAP(GDD)
Time from sowing to maturity 100 (1898) DAP(GDD)
Time from sowing to flowering 54 (1018) DAP(GDD)
Duration of flowering 10 (183) DAP(GDD)
Length of building up HI 42 (778) DAP(GDD)
Maximum effective rooting depth, Z 1 meter
Minimum effective rooting depth, Zn 0.3 meter
Reference harvest index, HI 50 %
Cultivar (TZEE-W) – TZEE-W
Planting method – Direct sowing
Planting density 62,500 Plants/ha
Soil fertility 65 Moderate (%)
Surface mulches 0 %
Curve number, CN 66 –
Readily Evaporable water, REW 2 mm

DAP, days after planting; GDD, growing degree days; HI, harvest index.

Table 4 summarizes the potential and selected sources of the input data used in this study and
reasons for selecting these specific sources.

Table 4. Input data sources.

Type of Data Possible Sources Selected Sources for the Study Reasons of Selecting Specific
Sources for the Study

Temperature, rainfall, wind
speed, and humidity

-Local meteorological station
-Observed data online (NOAA, etc.)
-Satellite data (NASA, etc.)

Local meteorological station Observed data with no
missing values

Solar radiation and
sunshine hours

-Observed data online (NOAA,
etc.)
-Satellite data (NASA, etc.)

Satellite data
(NASA-POWER project)

Publicly accessible, shows
acceptable general agreement

with ground data

Soil data

-Poss [68]
-National soil survey
-FAO Harmonized World Soil
Database
-ISRIC Soil Geographic Databases

Poss [68] Publicly accessible and with
good resolution (field)

Crop data:
conservative parameters AquaCrop manual AquaCrop manual In line with AquaCrop model

Crop data:
non-conservative parameters

-AquaCrop manual
-ITRA [51], Didjeira et al. [52], and
Worou and Saragoni [73]

ITRA [51], Didjeira et al. [52],
and Worou and Saragoni [73]

Specific to the maize variety
used in the study
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2.2.5. Optimal Irrigation Scheduling with Limited Water Supply

Matlab, AquaCrop interface, and Plugin-ACsaV40 (version 4; http://www.fao.org/aquacrop/
en/) were used to simulate multiple projects for successive years. The soil and crop phenological data
described in Tables 2 and 3, respectively, were used to calibrate AquaCrop. First, AquaCrop was run
for a given amount of irrigation water for the maize crop under a specific climate scenario during the
dry season of the Dapaong area. GET-OPTIS was employed as irrigation scheduling optimizer and
crop yield maximizer. Then, we iterated over a range of given water volumes. As a result, a complete
crop-water production function (CWPF) was derived. The 100-year maize crop simulations were run
for the wet season as well as the dry season to assess the irrigation management strategies described
above, in northern Togo.

3. Results and Discussion

3.1. Traits of the Climate in Dapaong

The temperature is high during the dry season reaching 37 ◦C and 26 ◦C maximum and minimum
temperatures, respectively, while, in the wet season, the maximum temperature is 30 ◦C and the minimum
temperature is close to 26 ◦C (Figure 4a). Due to these high temperatures, especially in the dry season, it
is likely that the evapotranspiration is relatively high in the area. This argument is corroborated by
Djaman and Ganyo [77] who found that the potential annual reference evapotranspiration—computed
using the FAO-56 Penman–Monteith method—in northern Togo is higher than 1800 mm on average.Water 2018, 10, x FOR PEER REVIEW 11 of 23 
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Figure 4. (a) Monthly mean temperature; and (b) mean total rainfall from November to April in
Dapaong, Togo (1980–2016).

Figure 4b depicts the mean total rainfall during the dry season (November–April) in Dapaong
district. The rainfall recorded during the dry season varies significantly from year to year. On average,
the total rain that falls within this period is lower than 85 mm. In some years, the volume of rain which
falls in the same period is up to 100 mm. The highest amount was reached in 2006/2007 (216 mm).
Globally, this rainfall occurs on an average of five days only. Thus, none of the main cereals grown
in the area such as maize, millet, and sorghum can survive under the dry season climatic conditions
without an additional water supply. These findings prove again the fact that farmers only grow crops
during the wet season. Overall, the climate of Dapaong in northern Togo is unfavorable to agricultural
activities throughout the year because of its vagaries and uncertainties compromising crop yield. These
results are in agreement with studies by Ogounde and Abotchi [16].

http://www.fao.org/aquacrop/en/
http://www.fao.org/aquacrop/en/
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3.2. Validation and Application of the LARS Weather Generator

The LARS-WG model showed robust compliance between observed and simulated data for
the maximum as well as minimum temperatures (Table 5). These findings showed no significant
differences between the observed and simulated temperatures for all months. All p-values were close
to one. It means that the observed and simulated data were from the same distribution. Therefore,
based on these results, we conclude that the performance of the LARS-WG model in simulating the
climatic variables such as minimum and maximum temperatures of Dapaong district is satisfactory.
Similar results were obtained by Semenov et al. [60] at 18 sites in the USA and Europe. However, the
standard deviations of the monthly mean simulated values are less than half of the standard deviations
of observed values for all months. This means that the extreme temperature values in the minimum
and maximum temperatures simulated are smaller than in the observed data.

The observed and simulated rainfall values for most of the months do not correlate significantly
(Table 5). This result agrees with studies by Osman et al. [78] in Iraq. However, there are significant
differences between December and January, when LARS-WG was incapable of reproducing the
observed rainfall, partly because these periods are the driest during the dry season. The standard
deviations of the monthly mean rainfall of observed and predicted values are similar for January,
February, and April (Table 5). These results imply that there are fewer extreme rainfall values in the dry
months, which are of our interest in this study. Overall, the performance of LARS-WG in predicting
the rainfall of the Dapaong area is at an acceptable level. It means that the quality of the long-term
data that were generated based on these calibration results is not affected.

3.3. Evaluation of Irrigation Management Strategies

3.3.1. Wet Season—Rainfed and Supplemental Irrigation Systems

â Maize Crop under Rainfed Conditions (WS-NI)

While Figure 5a shows the results of the expected maize crop yields that can be achieved during
the rainfed cropping system, Figure 5b portrays the rainfall statistics within the same period. The
volume of rainwater that falls within the cropping period of the wet season in Dapaong ranges from
450 mm to 1100 mm approximately. The frequency of the rainfall is high, between 600 mm and 900 mm
(Figure 5b). The distribution of the expected rainfed yields is moderately skewed left with a higher
coefficient in absolute values (1.91) (Figure 5a). The standard deviation of the expected yields obtained
under rainfed conditions is higher than in the case of irrigated maize, regardless of the volume of
water used, in northern Togo (See Section 3.3.2). These results show that the variability, as well as
the uncertainty, in the yields, are higher under the rainfed conditions (WS-NI) than under the dry
season CDI and FI. The high variability under rainfed conditions is likely due to inadequate rainfall
distribution and dry spells in the wet season [79]. On average, the expected maize crop yield achieved
in the wet season is 3.5 Mg/ha (Figure 5a). These results agree with the findings by Didjeira et al. [52]
who indicated the range of 3.5–5 Mg/ha as the expected yield for the maize variety used in this study.
Similarly, these results are in line with that of Fosu-Mensah [80] who reported that, in sub-humid
Ghana under projected climate change (2030–2050) for scenario A1B of IPCC, the rainfed maize grain
yield varies from 3.16 Mg/ha to 4.09 Mg/ha. Therefore, the calibrated AquaCrop model in this study
performs well. These results can be improved if data on more site-specific parameters are made
available. Akumaga et al. [69] suggested that the AquaCrop model can be utilized as a tool in the
study and modeling of maize productivity in West African region.
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Table 5. Kolmogorov–Smirnov test statistics for rainfall, maximum and minimum temperatures in Dapaong.

Month
RAINFALL MAXIMUM TEMPERATURE MINIMUM TEMPERATURE

SD of Observed Data SD of Simulated Data K-S p-Value SD of Observed Data SD of Simulated Data K-S p-Value SD of Observed Data SD of Simulated Data K-S p-Value

January 0.11 0.17 0.57 0.00 1.34 0.46 0.11 1.00 1.60 0.52 0.05 1.00
February 14.89 13.89 0.17 0.84 1.24 0.41 0.16 0.91 1.66 0.48 0.11 1.00

March 19.53 31.90 0.15 0.94 0.73 0.28 0.11 1.00 1.04 0.36 0.16 0.91
April 44.99 43.27 0.11 1.00 0.95 0.43 0.11 1.00 0.84 0.43 0.11 1.00
May 38.39 44.09 0.05 1.00 1.25 0.40 0.11 1.00 0.83 0.38 0.11 1.00
June 54.58 53.28 0.03 1.00 0.89 0.32 0.05 1.00 0.72 0.30 0.05 1.00
July 69.68 85.13 0.05 1.00 0.72 0.37 0.05 1.00 0.57 0.26 0.05 1.00

August 85.44 99.96 0.06 1.00 0.60 0.30 0.05 1.00 0.57 0.26 0.11 1.00
September 61.77 68.39 0.08 1.00 0.58 0.37 0.05 1.00 0.58 0.25 0.05 1.00

October 43.20 57.00 0.01 1.00 1.04 0.40 0.11 1.00 0.83 0.27 0.05 1.00
November 12.00 15.73 0.13 0.98 0.83 0.26 0.11 1.00 1.34 0.34 0.11 1.00
December 5.66 10.98 0.26 0.36 1.04 0.43 0.05 1.00 1.38 0.44 0.05 1.00

SD, standard deviation; K-S, Kolmogorov-Smirnov test coefficient.
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Figure 5. Histogram of distributions of: (a) expected yield of maize grown in a rainfed system (WS-NI); and (b) the rainfall during the wet season in Dapaong.
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â Maize under Supplemental Irrigation (WS-CDI and WS-FI)

To improve yield while reducing its variability at the same time, one may apply supplemental
irrigation during the rainfed cropping system whenever the crops are experiencing severe water
stress, and rainfall is not occurring. The stochastic crop-water production functions for supplemental
irrigation conditions are shown in Figure 6a. It can be hypothesized that, when more than 150 mm
supplemental irrigation water is applied, the variation in the resulting expected crop yield is likely
due to the variation of temperature and radiation in the area. These assumptions are supported by
the nearly symmetric distributions of the corresponding expected crop yields (Figure 6a). Besides,
at volumes of supplemental water lower than 150 mm, the variation in the expected crop yield can
result from the combined effects of the uneven distribution of rainfall and the climate parameters
mentioned above. The 90% of SCWPF exceedance probability of yield achievement seems to be
the best option for enhancing food security in northern Togo. This might be because it is the only
option which helps to achieve the highest level of crop yield improvement (15% or more) (Figure 6a).
Applying supplemental irrigation in northern Togo for maize crop cultivation will not only contribute
to improving crop grain yield and enhancing food security [81–83] but also help to improve farmers’
livelihood. Nevertheless, supplemental irrigation alone cannot improve the rainfed yields significantly;
it needs to be combined with other field management aspects such as soil preparation and fertility,
pests and diseases management, and the choice of suitable crop varieties. It can be concluded that
CWPF is a useful planning tool to assess water requirement for crops, especially in water-scarce regions.
Heng et al. [84] and Stricevic et al. [85] reported that, due to its sufficient degree of simulation accuracy,
the AquaCrop model is a valuable tool for estimating crop productivity under rainfed conditions,
deficit and supplemental irrigation, and on-farm water management strategies for improving the
efficiency of water use in agriculture.
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yields may be improved in northern Togo by applying supplemental irrigation assuming that water 
is available. 

Figure 6. Stochastic crop-water production function for: (a) rainfed and supplemental irrigated
systems in the wet season; and (b) optimized conventional irrigation system in the dry season for
maize in Dapaong.

Figure 7 shows the detailed results of the expected yields at various amounts of supplemental
irrigation water. With supplemental irrigation (WS-CDI), the rainfed yield increased from 3.48 Mg/ha
to 3.74 Mg/ha. The yield becomes constant when the volume of water applied is equal to or greater
than 150 mm. Then, the variability in the yields as well as the skewness decreases in absolute value.
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These results imply that supplemental irrigation is beneficial up to 150 mm. Above this value, the
advantages of supplemental irrigation (WS-FI) become insignificant. Therefore, rainfed maize crop
yields may be improved in northern Togo by applying supplemental irrigation assuming that water
is available.Water 2018, 10, x FOR PEER REVIEW 15 of 23 
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Figure 7. Histogram of distributions of expected yield using water for supplemental irrigation of maize
in the wet season in Dapaong: (a) 50 mm; (b) 100 mm; and (c) 150 mm (WS-CDI); and (d) 200 mm;
(e) 250 mm; and (f) 350 mm (WS-FI).

3.3.2. Dry Season—Conventional Irrigation System (DS-CDI and DS-FI)

Figure 6b shows the stochastic crop-water production functions (SCWPF) for optimized irrigated
maize crop in the dry season in northern Togo. The quantile percentage represents the probability
of exceedance. Since rainfall can be ruled out, it is believed that, when the optimal full irrigation
conditions are met, the variation of temperature and radiation can explain the variability in the
expected crop yield. These assumptions are corroborated by the nearly symmetric distributions of
the expected crop yields at full irrigation (Figure 8). These findings are supported by the results
presented by Schütze and Schmitz [36]. These two parameters are part of the yield defining factors,
as highlighted in the papers explaining the principles of ecology production [86]. In addition, for
volumes of water lower than full irrigation, the variation in the expected crop yield can result from
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the combined effects of drought stress on crops and the climate parameters mentioned above. The
maximum expected yields were 4.79 Mg/ha (90% quantile) and 4.89 Mg/ha (10% quantile) at near full
irrigation (600 mm) (Figure 6b). The controlled deficit irrigation ranges from 0 to 600 mm for maize
in northern Togo. The DS-CDI strategy seems to save water with an insignificant reduction in the
grain yield relative to full irrigation [87–92]. Overall, growing maize crop in the dry season in northern
Togo may be feasible under CDI if water is available. Irrigation is vital for improving crop yield and
stabilizing crop production [93] amidst the threats of climate change [94].

Water 2018, 10, x FOR PEER REVIEW 16 of 23 

 

northern Togo may be feasible under CDI if water is available. Irrigation is vital for improving crop 
yield and stabilizing crop production [93] amidst the threats of climate change [94]. 

In Figure 8, detailed results of the expected yields at various amounts of irrigation water are 
given. There is a change in the histogram distribution among the various volumes of irrigation water. 
The average expected yields concerning the amount of irrigation water used range from 3.16 Mg/ha 
to 4.84 Mg/ha at 150 mm and 600 mm, respectively. With the increasing application of irrigation water 
(DS-CDI), the yield increases to a level at which additional water supply fails to raise the crop yield any 
further (around 600 mm). Thus, the latter volume of water is assumed to be near full irrigation. The 
frequency distribution shows a positive sign for all the histograms. The coefficients of skewness of the 
expected yields for 150 mm, 200 mm, and 400 mm water volumes are 1.63, 2.85, and 3.18, respectively. 
On the contrary, at 600 mm volume of water (DS-FI), the distributions of the expected yields are 
symmetrical. In addition, the standard deviation is relatively low for the yields at these volumes of 
water. Abedinpour et al. [95] reported that the AquaCrop model can predict maize yield with 
acceptable accuracy under variable irrigation in a semi-arid environment. 

 
Figure 8. Histogram of distributions of expected yield using water for irrigation of maize in the dry 
season in Dapaong: (a) 150 mm; (b) 200 mm; (c) 400 mm; (d) 450 mm; and (e) 500 mm (DS-CDI); and 
(f) 600 mm (DS-FI). 

150 mm

Yields[Mg/ha]

Fr
eq

ue
nc

y

3.0 3.5 4.0 4.5 5.0

0
10
20
30
40
50
60
70 (a)

Mean = 3.16 Mg/ha

Std = 0.11 Mg/ha
Skewness = 1.63

200 mm

Yields[Mg/ha]
Fr

eq
ue

nc
y

3.0 3.5 4.0 4.5 5.0

0
10
20
30
40
50
60
70 (b)

Mean = 3.61 Mg/ha

Std = 0.13 Mg/ha
Skewness = 2.85

400 mm

Yields[Mg/ha]

Fr
eq

ue
nc

y

3.0 3.5 4.0 4.5 5.0

0
10
20
30
40
50
60
70 (c)

Mean = 4.26 Mg/ha

Std = 0.1 Mg/ha
Skewness = 3.18

450 mm

Yields[Mg/ha]

Fr
eq

ue
nc

y

3.0 3.5 4.0 4.5 5.0

0
10
20
30
40
50
60
70 (d)

Mean = 4.46 Mg/ha

Std = 0.07 Mg/ha
Skewness = 1.86

500 mm

Yields[Mg/ha]

Fr
eq

ue
nc

y

3.0 3.5 4.0 4.5 5.0

0
10
20
30
40
50
60
70 (e)

Mean = 4.63 Mg/ha

Std = 0.06 Mg/ha
Skewness = 0.78

600 mm

Yields[Mg/ha]

Fr
eq

ue
nc

y

3.0 3.5 4.0 4.5 5.0

0
10
20
30
40
50
60
70 (f)

Mean = 4.84 Mg/ha

Std = 0.04 Mg/ha
Skewness = 0.18

Figure 8. Histogram of distributions of expected yield using water for irrigation of maize in the dry
season in Dapaong: (a) 150 mm; (b) 200 mm; (c) 400 mm; (d) 450 mm; and (e) 500 mm (DS-CDI); and
(f) 600 mm (DS-FI).

In Figure 8, detailed results of the expected yields at various amounts of irrigation water are given.
There is a change in the histogram distribution among the various volumes of irrigation water. The
average expected yields concerning the amount of irrigation water used range from 3.16 Mg/ha to
4.84 Mg/ha at 150 mm and 600 mm, respectively. With the increasing application of irrigation water
(DS-CDI), the yield increases to a level at which additional water supply fails to raise the crop yield
any further (around 600 mm). Thus, the latter volume of water is assumed to be near full irrigation.
The frequency distribution shows a positive sign for all the histograms. The coefficients of skewness
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of the expected yields for 150 mm, 200 mm, and 400 mm water volumes are 1.63, 2.85, and 3.18,
respectively. On the contrary, at 600 mm volume of water (DS-FI), the distributions of the expected
yields are symmetrical. In addition, the standard deviation is relatively low for the yields at these
volumes of water. Abedinpour et al. [95] reported that the AquaCrop model can predict maize yield
with acceptable accuracy under variable irrigation in a semi-arid environment.

3.4. Summary of the Discussion

The variability in rainfall during the wet season (WS-NI) was high, inducing a considerable
variability in the expected yield for rainfed conditions. The variability in the expected yield would
decrease significantly if supplemental irrigation (WS-CDI or WS-FI) were applied. At the same time,
supplemental irrigation would improve the expected yields and contribute to avoiding crop failure.
The dry season irrigation management strategies (DS-CDI and DS-FI) would increase yield potential
and decrease the variability of expected yield at the same time. Thus, the application of supplemental
or dry season irrigation management strategies investigated in this study would help to enhance food
availability in the West African region.

There are a few caveats that readers should keep in mind when interpreting the results of
this study: The AquaCrop model in this study was calibrated with crop and soil data retrieved
from previous studies conducted in the area. Thus, the conclusions derived from the outputs of
the model simulation are qualitative—ranking of the irrigation management strategies assessed
in the study. There are several uncertainties in the general circulation model outputs as well as
crop model simulations. The uncertainties related to crop yield exist because AquaCrop assumes a
disease- and pest-free environment and considers no effect of weed or extreme climate events such
as flooding. Another point worth considering is that, by concluding that there is potential for deficit
and supplemental irrigation for maize crop in northern Togo, we assumed that a proper soil fertility
management is guaranteed, and water is available for irrigation management. Finally, it is important
to note that substantial investments in irrigation infrastructure, as well as extension services to farmers,
would be necessary to enhance food security in northern Togo. The calibrated crop model needs to be
validated with experimental data to improve the accuracy of the resulting simulations.

4. Conclusions

The AquaCrop model was used to assess the potential of deficit and supplemental irrigation in
the dry savannah area of northern Togo under climate variability. For this, the climate of the study
area was characterized. The performance of the weather generator used to produce the long-term time
series climate data for the crop simulation was also evaluated. In summary, the climate of northern
Togo is unimodal with the dry season ranging from November to April. According to Köppen–Geiger’s
classification, the climate is hot semi-arid in northern Togo. During the dry season the mean maximum
and minimum temperatures are 35 ◦C and 25 ◦C, respectively, and the mean total rainfall is 85 mm. In
short, the performance of the LARS Weather Generator in predicting the climate of northern Togo was
found satisfactory. Overall, we found that the deficit irrigation water requirement ranges from 0 to
600 mm. The maximum expected maize grain yield that can be reached under irrigated conditions is
4.84 Mg/ha with TZEE-W local variety. The rainfed yield can be improved from 3.48 to 3.74 Mg/ha
with 150 mm of supplemental irrigation water. At the same time, the variability in the yield was
significantly reduced. Irrigation practice in agriculture helps to lower crop yield variability as well as
crop failure.

Thus, growing maize crop in the dry season in northern Togo may be feasible. In general,
irrigation can help to alleviate food insecurity, while supplemental irrigation is a climate-related
management practice for crop yield improvement. The latter also contributes to improving farmers’
livelihood. Further maize crop genetic improvements would be needed to fine-tune the seeds to the
dry season climate. Irrigation infrastructures would be needed to implement in northern Togo the
irrigation management strategies investigated in this study. In addition, realistic irrigation water
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pricing and cost recovery policies should be enforced and followed by all stakeholders to maintain
the irrigation infrastructures and ensure the viability of the system. Institutional reforms relevant
to the development and management of irrigation systems should be made. The complicated land
tenure issue in northern Togo needs to be addressed to incentivize investment in, and management of,
irrigation systems. Moreover, the institutional arrangement—market and connectivity among farmers
and other agents—should be improved.

To develop regional water management strategies, the adapted framework used in this study may
be applied to other sites in the West African region. Field experiments are needed to validate the results
of this study before the implementation of its recommendations. In addition, the framework can be
extended by adding a soil variability dimension to it. The analysis can be made more comprehensive
by considering farmers’ socioeconomic characteristics.
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Appendix A

List of Abbreviations
APSI Agricultural Production Systems Simulator
MCDI Controlled Deficit Irrigation
CWPF Crop-Water Production Functions
DAISY Danish simulation model for transformation and transport of energy and matter in the soil plant atmosphere system
DAP Days After Planting
DI Deficit Irrigation
DS Dry Season
DSSAT Decision Support System for Agrotechnology Transfer
FI Full Irrigation
GET-OPTIS Global Evolutionary Technique for OPTimal Irrigation Scheduling
GDD Growing Degree Days
HI Harvest index
ICID International Commission on Irrigation and Drainage
IPCC Intergovernmental Panel on Climate Change
ISRIC International Soil Reference and Information Centre
ITRA Togolese Institute of Agricultural Research
LARS-WG Long Ashton Research Station Weather Generator
MERF Togolese Ministry of the Environment and Forestry
NI No Irrigation
OCCASION Optimal Climate Change Adaption Strategies in Irrigation
PILOTE An operative crop model for soil water balance and yieldestimations under conventional tillage
REW Readily Evaporable Water
SCWPF Stochastic Crop-Water Production Functions
SI Supplemental Irrigation
SSA Sub-Saharan Africa
WGEN Weather Generator
WS Wet Season
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