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Water availability is one of the primary concerns of Haitian farmers. This thesis 

evaluates the linkage between the agricultural and watershed areas and assesses the 

impacts of land use changes on the water availability for agriculture.  

Irrigation water was monitored from August 2018 to April 2019. The dry bean 

production system is mathematically represented with the CROPGRO Dry Bean model 

of the Decision Support System for Agrotechnology Transfer (DSSAT) using local soil, 

weather, and crop experiment data. The model was tested in the local conditions, and it 

performed acceptably in predicting the yield, flowering, and maturity. The hydrological 

processes in the upstream areas were represented by the Soil and Water Assessment 

Tool (SWAT). The model was tested in the current conditions of the watershed and 

provided satisfactory performance in predicting the streamflow. 

Under the limited irrigation, planting in January and February would decrease the 

yield by 92% and 90% (using National and Aeorospace Administration Prediction Of 

Worldwide Energy Resources (NASA POWER) rainfall) and by 57% and 49% (using 

Climate Hazards Group InfraRed Precipitation with Station Data (CHIRPS) rainfall)) 
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compared to the baseline (December), respectively, while planting in October and 

November would increase the yield by 84% and 93%, respectively (using NASA 

POWER rainfall). Also, forestation of the upstream watershed increased the dry bean 

yields by 3% to 13%. These findings are expected to help natural resources managers 

and decision-makers develop watershed and crop management plans and practices 

required to efficiently improve agricultural production and water resources in Haiti. 
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CHAPTER 1 
INTRODUCTION 

Dry bean (Phaseolus vulgaris L.) is one of the most important staple crops 

worldwide and the most important food legume consumed by the Haitian people as part 

of their daily diet. Dry bean is an important source of protein, fiber, iron, potassium, and 

folic acid with concentrations higher than those of wheat, oats, and cereals (Siddiq et 

al., 2010). The Arcahaie is a geographical area with the third largest number of farmers 

(27,000) in Haiti, and it is known for plantain and dry bean production (RGA/MARNDR 

et al., 2012). Limited water availability is one of the greatest challenges for Haitian 

farmers (Molnar et al., 2015). Lowland areas equipped with irrigation systems such as 

the Courjolle region in Arcahaie produce beans from December to March (FEWS NET, 

2018). The dry bean growing season is characterized by the dry hydrology that 

generates low water flows. Thus, agriculture is often limited by water availability. 

Caliri et al. (2012) have reported that agriculture is the largest consumer of water 

resources in Haiti. State institutions including the Conseil National de la Sécurité 

Alimentaire (CNSA) and the Ministry of Agriculture as well as non-governmental 

institutions generally directly connect the variation in crop production to rainfall 

variability and availability (CNSA/MARND, 2013; FEWS NET & USAID, 2018). One 

study investigated the temporal distribution of the rainfall by investigating the inter-

annual and intra-annual variability of the rainfall in the country (Moron et al., 2014). 

Other studies explored the adaptability of some crops in the region (Delva, 2017; 

Inozile, 2016).  

Runge and White (1994) have reported that forest areas have been cleared for 

agricultural production since the colonial period when intensive coffee and sugar cane 
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farming began. Recent studies have demonstrated that this deforestation is still ongoing 

because the Haitian population uses wood and charcoal as a primary source of energy 

(Tarter et al., 2017; Ghilardi et al., 2018). Thus, Haitian watersheds suffer from a lack of 

environmental policies, appropriate management, and conservation practices, which 

impairs agricultural productivity. It is believed that the watershed deforestation impacts 

water resources, but no previous study has investigated the linkage between crop 

production, water availability, and the upstream watershed system. Also, there has been 

no assessment of crop yield responses to the land use changes in Haiti. Therefore, the 

Courjolle River Watershed (CRW) and downstream agricultural areas were selected as 

typical systems for our study. The two systems are connected by a dam that controls 

the water entering the main canal, which is distributed to the dry bean fields. 

Appropriate tools like simulation models and techniques are necessary to 

understand the dynamics of the natural systems for improved watershed and 

agricultural management. Good understanding of the dynamics of the biological 

systems such as agriculture and watershed implies the application of dynamic crop and 

hydrological models to perform the simulations of different types of scenarios. Thus, the 

well-known SWAT model (Arnold et al., 1998) and the promising dynamic cropping 

system CROPGRO Dry Bean model (Hoogenboom et al., 1994) of the DSSAT are 

useful for representing and describing the watershed system and the agricultural areas, 

respectively. 

The overarching goal of this study is to understand the relation between the 

watershed system and agricultural production in the Courjolle irrigated perimeter at 

Arcahaie, Haiti. Specifically, this study investigated the dry bean responses to water 
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available from the watershed and assessed the impacts of land use changes in the 

upstream areas on the downstream crop production. 

In the context of watershed and agricultural linkages, this study prepares (1) the 

DSSAT cropping simulation CROPGRO Dry Bean model to simulate the growth of dry 

bean (Phaseolus vulgaris) under different irrigation scenarios and subsequent water 

availability and (2) SWAT, a watershed model capable of simulating the hydrological 

process responses of the watershed to land use changes. Using the simulation models, 

this study aims to answer the following questions: how does the temporal water 

availability affect the dry bean yield in the agricultural area, and how do the land use 

changes in the upstream watershed affect crop production in the irrigation system 

downstream? The following assumptions were made: (1) the agricultural production is 

dependent on the amount of water coming from the watershed system and (2) land 

cover changes in the watershed will affect the water availability of the Courjolle River 

during the dry period compared to current land cover conditions.  

The thesis is organized into five sections. In the form of a general introduction, 

Chapter 1 outlines the rationale and background underlying the goals and objectives 

proposed in this study. Chapter 2 presents literature pertaining to water, watershed 

system management, and hydrological models for runoff estimation, modeling dry bean 

growth, development, and yield. Additionally, this chapter provides a conceptual 

framework and the scope of previous research efforts related to watershed and crop 

simulation modeling in general. Chapter 3 focuses on the evaluation of the amount of 

water from the upstream watershed and the effects on dry bean production. It describes 

the processes of flow monitoring and the calibration and evaluation of the DSSAT 
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CROPGRO Dry Bean model. Chapter 4 discusses the calibration, validation, and 

application of the SWAT model to assess the impacts of the land use changes on the 

streamflow and the crop production. Finally, Chapter 5 provides a summary and 

conclusions and offers suggestions for future research activities in order to improve the 

understanding of the relationship between the watershed and agricultural systems and 

thus agricultural production in Haiti.  
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CHAPTER 2 
LITERATURE REVIEW 

Crop production remains a significant challenge in the Haitian agricultural system 

for various reasons, including the lack of information-guided management practices and 

the large seasonal variations of water availability. Even in the irrigated areas, water is 

still scarce during the dry season (CNSA/MARND, 2013; Molnar et al., 2015; Adamson 

et al., 2016; FEWS NET & USAID, 2018). The source of irrigation water for crop 

production in Haitian agricultural areas is streamflow. Water is collected from the 

watershed at a dam built at the watershed outlet and is then diverted to canals to 

irrigate the field crops. The need for money and energy from timber encouraged the 

deforestation and degradation of the mountain areas represented by the watershed 

system. The research literature has reported that clearing of forest areas impairs the 

hydrological processes in the watershed system by increasing the direct runoff and 

lowering the groundwater recharge during the wet period, thus decreasing the water 

availability during the dry period (Bruijnzeel, 2004; Briones et al., 2016). Agricultural 

areas using the irrigation systems are affected by the lack of water available for crop 

production in the dry period.  

This review presents information on the hydrology and watershed characteristics 

and management and the characteristics of dry bean crop growth and development as 

controlled by factors related to the environment. Additionally, model selection, 

calibration, and applications are reviewed in this chapter. 

Dry Bean Production in the Study Areas 

Crop production in Haiti is limited by several factors such as seed availability, 

labor work, improved management practices, financing, pests and disease, and water 
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availability (FEWS NET & USAID, 2018). There was a national survey in Haiti called 

“Recensement Général de l’Agriculture (RGA)” in 2009. The survey reported that there 

were more than one million farmers in Haiti, and 7,300 farmers were working at a single 

administrative region, called “commune”, on average. The Arcahaie region is the third 

largest area in terms of the number of farmers (23,000) (RGA/MARNDR et al., 2012). 

Arcahaie is known mainly for plantains and dry bean production during the winter 

season (Figure 2-1). In the study areas, dry bean is grown in the irrigation system of the 

Courjolle River from December to March, which is a dry period with low flow in the river. 

Dry bean is produced all over the country. However, in the wet mountainous areas, 

farmers produce dry bean under the rainfed conditions of other periods of the year 

(FEWS NET & USAID, 2018). 

The cultivar X-RAV-40 used in this study, also known as Sankara (Beaver et al., 

2014), is one of the improved dry bean cultivars grown on the irrigated perimeter 

system. It was chosen because it has been used in three experiments in three different 

years – 2016, 2017, and 2018 – which was necessary for the calibration and evaluation 

of the CSM-DSSAT-CROPGRO Dry Bean model. Other cultivars grown by farmers 

include DPC-40 and Aifi Wuriti, which are black in color and have a Type II growth habit.  

According to the Food and Agriculture Organization (FAO) Statistics, dry bean 

yield in Haiti ranged from 400 kg ha-1 in 1961 to 697 kg ha-1 in 2017 (FAOSTAT, 2019). 

However, some improved cultivars including DPC-40, Aifi Wuriti, and X-RAV-40 tested 

by the Service National Semencier (SNS: National Seed Service) of the Ministry of 

Agriculture and Quisqueya University provided better yields. For example, X-RAV-40 – 

Haricots#Figure21
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also known as Sankara – provided 1,500 to 2,000 kg ha-1, and Aifi Wuriti and DPC 40 

provided 1,750 kg ha-1 in 2013 (Beaver et al., 2014; Inozile, 2016). 

Dry Bean Description 

Climate, water, and nutrients needs. The germination of dry bean requires a 

minimum soil temperature of 12 °C, with an optimum temperature between 22°C and 

30°C (Brink & Belay, 2006). However, temperatures above 35 °C may adversely affect 

plant productivity by triggering flower abortion (Brink & Belay, 2006). Common bean can 

be grown at low altitudes during cool months, with average rainfall during the growing 

season ranging from 250 to 400 mm (Brink & Belay, 2006).  

Water is one of the most important inputs required to grow crops. Since limited 

water availability creates water deficit, too much water causes crop impairment 

(Brouwer & Heibloem, 1986). Crop water management needs to be carefully addressed 

in agricultural areas to provide the amount of irrigation water enough to grow the crop 

without drought stress. However, most of the time farmers face water scarcity for their 

crops when they are practicing rainfed agriculture (Molnar et al., 2015). In agricultural 

areas with irrigation systems, the irrigation scheduling is defined based on the water 

available to meet the crop water demands. In Haiti this objective is hardly reached 

because the amount of water available from the upstream areas is generally not 

sufficient to be distributed to all the stakeholders using the water in the system 

(MARNDR, 2012). This creates another critical problem, namely social management of 

the water, which consists of the best partitioning of the water available to the people 

who have rights and access to the water in the system based on their amount of land 

and how much money they pay for the water. 
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Water is one of the most important limiting factors on crop production. Not being 

able to meet the crop water requirement is called water deficit, which generates water 

stress. Water stress is responsible for reduction in the rate of leaf and root growth 

(Munns, 2002; Munns et al., 2006). It can reduce the absorption capacity of nitrogen, 

the reduction of the leaf areas, photosynthesis, and consequently the total biomass. 

Some crops are more sensitive to water stress at specific growth stages including corn 

at the tasseling and ear formation stages (Çakir, 2004) and dry bean at the flowering, 

pod initiation, and seed filling stages (Nielsen & Nelson, 1998). Darkwa et al. (2016) 

have discussed their findings regarding drought effects on dry bean. Their study 

demonstrated that drought stress significantly reduced the pod number per plant, 100 

seed weight, and yield. Asfaw and Blair (2014) reported similar results when testing dry 

bean response under similar water stress conditions. 

Lizana et al. (2006) studied water stress on two dry bean cultivars. They found 

that water stress reduced the yield. However, its effect on the time to flowering, harvest 

dates, and grain weight was not significant, whereas it was significant on the pod 

number and grain number per plant. The DSSAT tool uses the proportion of the 

potential water uptake to the potential plant transpiration to define water stress that 

affects the photosynthesis and leaf expansion growth (Saseendran et al., 2014). The 

soil water stress factor (SWFAC) and the turgor factor (TURFAC) are two concepts that 

define the water stress factors in the model. The TURFAC as a turgor factor influences 

the leaf growth expansion while the SWFAC affects the photosynthesis mechanisms 

and other processes related to dry matter accumulation (Ritchie, 1998; Saseendran et 

al., 2014). 
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Crop Modeling 

Crop Model Selection 

Among the dynamic crop simulation models available, four were reviewed in this 

study for the crop model selection: (1) Cropping Systems Simulation Model (CropSyst), 

(2) Simulateur Multidisciplinaire pour les Cultures Standards (STICS), (3) World Food 

Studies (WOFOST), and (4) Decision Support System for Agrotechnology Transfer 

(DSSAT)-Cropping Simulation Model (CSM). 

Cropping Systems Simulation Model (CropSyst v4.2)  

CropSyst v4.2 is a crop model capable of simulating long-term crop growth at a 

daily time step, and it is linked with geographic information system (GIS) software and a 

weather generator (Stöckle et al., 2003). CropSyst requires only a few sets of crop 

parameters for its calibration, which makes its application different than that of other 

crop models (Montoya et al., 2018). CropSyst requires four data files: (a) weather files 

(rainfall intensity parameters and daily solar radiation that is generated based on the 

local parameters including latitude value, code name, and appropriate directories), (b) 

soil files (cation exchange capacity and pH, parameters for the curve number approach, 

soil texture, soil layer thickness, field capacity, permanent wilting point, bulk density, 

and bypass coefficient), (c) crop files (maximum leaf area index (LAI), root depth, 

specific leaf area, growth, residue, nitrogen content, harvest index, and salinity 

tolerance), and (d) management files (irrigation, fertilization scheduling, and amounts 

applied) (Stockle, 1996). CropSyst v4 can simulate more than 30 crops, including dry 

bean. 
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Simulateur Multidisciplinaire pour les Cultures Standards (STICS v8.50)  

This model was developed at the Institut National de la Recherche Agronomique 

(INRA, France) in 1996. STICS version 8.50 runs at a daily time step. The STICS model 

requires some expert knowledge and a significant amount of input data to perform 

properly (Constantin et al., 2015). STICS requires information about soil, climate, and 

crop management to simulate crop growth, water, and nitrogen balance in the soil by 

taking into account the variability of crop succession on the field over time ( Brisson et 

al., 1998; Brisson et al., 2003). Specifically, the model input data include (a) climate 

data (daily minimum and maximum temperatures, solar radiation, and precipitation), (b) 

soil data (concentration of organic nitrogen, concentration of active lime, albedo in dry 

condition, runoff coefficient, clay content, pH, and soil evaporation during the potential 

phase), and (c) crop management practices (sowing or planting parameters like date, 

depth, density, orientation and crop variety; fertilizer; irrigation applications; and soil 

tillage) (Brisson et al., 2003). Also, the model is flexible for adaptation to a large number 

of crops and in various production systems including dry bean (Constantin et al., 2015) 

World Food Studies (WOFOST v7.1.7)  

The WOFOST computer model (Van Diepen et al., 1989) was developed at the 

Wageningen University to simulate crop production potentials of annual field crops 

based on information about soils, climate conditions, crop genetic properties and 

irrigation, fertilizer application, and pest and disease control applied to the field 

(Boogaard et al., 2014). The model mimics crop development processes based on a 

process driven by temperature with options to take into consideration the photoperiod 

(Gilardelli et al., 2018). The latest version (7.1.7) can simulate more than 15 crops 

including dry beans. Input data required by WOFOST 7.1.7 include information about 
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(a) crop (phenology, assimilation and respiration characteristics, and partitioning of 

assimilates to plant organs), (b) soil (water retention, hydraulic conductivity, and 

workability), (c) weather (daily solar radiation, air minimum and maximum temperatures, 

precipitation, air humidity, and wind speed), and (d) crop management practices 

(irrigation and fertilizer applications) (Boogaard et al., 2014). 

Decision Support System for Agrotechnology Transfer (DSSAT v4.7.2)  

The DSSAT cropping system model (CSM), a product of the International 

Benchmark Sites Network for Agrotechnology Transfer (IBSNAT) project (IBSNAT, 

1993; Jones et al., 1998), was first released in 1989. The DSSAT CSM can simulate the 

growth and development of more than 42 crops including dry bean on a daily time step 

by taking into account soil characteristics, weather variation, the genetic coefficients of 

the cultivars, and crop management practices (Hoogenboom et al., 2017). The minimum 

data set (MDS) required includes (1) weather data (daily minimum and maximum 

temperature, precipitation and solar radiation), (2) soil data (color, permeability, 

drainage, water holding characteristics, nitrogen, and organic matter), and (3) crop 

management data (crop genetic coefficients, planting date, row and plant spacing, dates 

and amount of irrigation, and dates, amount, and type of fertilizer). The latest version, 

DSSAT-CSM v4.7.2.0, provides a tool for parameter estimation based on the 

generalized likelihood uncertainty estimation (GLUE) framework (He et al., 2010). The 

DSSAT package allows the users to define and apply automatic irrigation schedules to 

crop growth modeling. Such features are expected to facilitate the use of the model in a 

variety of applications. 

The four models reviewed meet the criteria to address the question regarding dry 

bean growth and development modeling based on the water availability for irrigation. 
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Extensive data set (for the calibration and evaluation) and in-depth understanding of 

their simulation strategies are required to use the four models reviewed in appropriate 

ways. However, the DSSAT software package is known to be robust and versatile (Di 

Paola et al., 2016), and it integrates features such as seasonal analysis (Thornton et al., 

1995) to perform long-term simulations related to weather variations, management 

practices optimization, and potentially economic analysis. Additionally, it integrates a 

tool for crop parameter calibration in a comprehensive manner. Finally, it is the one that 

I learned about and understand better for crop simulation purposes. 

CROPGRO Model 

The DSSAT cropping system model uses different major modules to simulate 

crop growth and development including CERES-Maize, CERES-Rice and ORYZA, 

CERES-Wheat and Barley, CERES-Sorghum, NWEHAT-Wheat, SUBSTOR-Potato, 

CANEGRO-Sugarcane, CROPSIM-Cassava, ALOHA-Pineapple, AROID-Taro, AROID-

Tanier, and CROPGRO templates for the grain legumes as well as tomato and cotton 

crops. The CSM-DSSAT-CROPGRO Dry Bean template was developed by 

Hoogenboom et al. (1994). CROPGRO is a process descriptive model that considers 

crop phenology and canopy development and crop carbon, nitrogen, and water 

balances (Ritchie et al., 1998). Temperature and photoperiod have important effects on 

the crop development simulated by the CROPGRO module. Basically, the physiological 

development rate is driven by some key elements including photoperiod, temperature, 

nitrogen, and water deficit. As a generic approach, CROPGRO uses common code to 

mathematically represent and simulate the behavior of several crops (Jones et al., 

2003). Three input files defining the species, ecotypes, and cultivar traits provide this 

flexibility to the CROPGRO module. The species files contain the parameters related to 
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the crop development and growth processes. The general descriptions of groups of 

cultivars in the DSSAT CSM are stored in the ecotype file such as the determinate or 

indeterminate growth habit of the crop. The last input file representing the cultivar traits 

contains 18 crop parameters called genetic coefficients (GCs) that determine the 

cultivar performance including growth characteristics, yield, day length sensitivity, 

anthesis, physiological maturity, grain weight, and leaf size (see Table 2-1 for a full 

description). Generally, these parameters are adjusted by the calibration procedures 

based on experimental data to represent the crop growth and development in a specific 

environment (Boote et al., 2003). 

CROPGRO simulates the crop growth on a daily time step according to the 

temperature, photoperiod, and water deficit. The user has different options for 

estimating evapotranspiration including the Priestley-Taylor (Priestley & Taylor, 1972) 

and the FAO-Penman (Jensen et al., 1990). Due to the availability and quality of the 

weather data, using the Priestly-Taylor is recommended since it only requests the daily 

solar radiation and minimum and maximum temperature to estimate the 

evapotranspiration. Infiltration of rainfall and irrigation, soil evaporation, distribution of 

root water uptake, drainage of water through the root zone, and crop transpiration 

define the soil water balance processes. Details of the GROPGRO module can be 

found in Boote et al. (1998) and Jones et al. (2003). 

Model Calibration and Evaluation 

As a critical step of the modeling procedures, the crop genetic coefficients must 

be estimated from field experiments. This process is called calibration. To help with the 

calibration the GLUE is used, which is a submodule incorporated in the DSSAT 

software that was developed by He et al. (2010). The GLUE procedures are based on 
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the Bayesian estimation approach from the sampling of the genetic coefficients and 

apply the likelihood function as the objective function to compare the simulated against 

the measured field data and estimate the best genetics coefficients. 

𝐿[𝜃𝑖| 𝑂] = ∏
1

√2𝜋𝜎𝑜
2

𝑒
(−

(𝑂𝑗−𝑆(𝜃𝑖))
2

2𝜎𝑜
2 )  

 

𝑀

𝑗=1

          (2-1) 

where 𝜃𝑖 is the ith parameter set, 𝑖 is the index, and it varies from 1 to 𝑁, 𝑁 is the total 

number of parameter sets generated by the algorithm, 𝑆(𝜃𝑖) is the model output derived 

from the parameter set 𝜃𝑖, 𝑂 is the observation, 𝑂𝑗 represents the jth observation of 𝑂, 

𝜎𝑜
2 signifies the model errors’ variance, and 𝑀 is the number of observations. 

The model evaluation consists of using the estimated genetic coefficients from 

the calibration in other experiments, running the model, and comparing the outputs with 

observed data. Several statistical indices may be used to evaluate the model 

performance. One of the common ones is the normalized root mean square error 

(NRMSE – Willmott, 1982; Liu et al., 2012) calculated using the equation below: 

𝑁𝑅𝑀𝑆𝐸 = 𝑅𝑀𝑆𝐸
𝑂̅

⁄ × 100 =
√∑ (𝑆𝑖 − 𝑂𝑖)2𝑛

𝑖=1
𝑛

𝑂̅
⁄

 × 100         (2-2) 

where 𝑆𝑖, 𝑆̅, 𝑂𝑖, 𝑂̅, and 𝑛 are the ith simulated values, the average of the simulated 

values, the ith observed values, the average of the observed values, and the number of 

observed values, respectively. 

Watershed Modeling 

Water management and soil erosion in the Haitian watershed systems are critical 

issues. Flooding and sediment transports are responsible for the destruction of 

agricultural infrastructure and loss of field area. The dry season is plagued by water 
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scarcity that negatively affects crop production even on irrigation systems due to the low 

flow entering the system. 

Watershed Management 

Poff et al. (1997) have published a work related to river conservation and 

restoration. This research indicates that several years of monitoring are necessary to 

understand the characteristic pattern of a streamflow’s variability since the natural flow 

regime is subject to evolution over various time scales of hours, days, seasons, years. 

Poff et al. (1997) have found that the river dimensions and geographic variations 

including climate, geology, vegetation presence, and topography determined the 

streamflow regimes. Precipitation is the primary source for all streamflow. However, in 

some specific watershed conditions,  streamflow discharge is controlled by the 

combination of the surface water and groundwater (Poff et al., 1997).  

To describe the flow regime, Baker et al. (2004) have presented the flashiness 

index. The concept of flashiness highlights the effects of runoff events on the flow 

regime by reflecting the rapidity of short-term changes in the river flow. They have 

considered that a flashy river has higher rates of change under rainfall events versus a 

stable river, which has slow rates of change. The Richards-Baker flashiness index can 

be calculated using the following equation: 

𝑅 − 𝐵 𝐼𝑛𝑑𝑒𝑥 =
∑ |𝑞𝑖 − 𝑞𝑖−1|𝑛

𝑖=1

∑ 𝑞𝑖
𝑛
𝑖=1

 (2-3) 

where 𝑞 is daily discharge volume (m3) or mean daily flow (m3 s-1), 𝑖 is the index that 

varies from 1 to 𝑛, and 𝑛 is the total number of consecutive days of data. Findings have 

shown that increasing the size of a watershed decreases the R-B index, which in turn 

implies that small streams tend to be flashier than large ones (Baker et al., 2004). It was 
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found in Iowa that the reduction in the R-B index by application of best management 

practices improved the land cover by increasing the infiltration and reducing erosion and 

surface runoff, leading to an increase in the baseflow (Schilling & Libra, 2003).  

In watershed management, understanding of the baseflow dynamics provides 

appropriate strategies to improve water resources management and assess low flow 

conditions (Ahiablame et al., 2013). Baseflow is the water available in a river in dry 

periods when rain events do not occur or have not occurred recently (Lee et al., 2018). 

The baseflow is highly dependent on the groundwater recharge. Thus, ensuring 

streamflow in dry seasons requires proper groundwater resources management. Arnold 

and Allen (1999) have developed an automatic estimation of the baseflow from the 

measured streamflow data, which would remove some subjective aspects of the 

baseflow separation procedures (Rutledge, 1993; Arnold et al., 1995). The baseflow 

separation was implemented to understand the contribution of baseflow to the 

streamflow over time (Wittenberg, 1999). The Disk Operating System (DOS) baseflow 

filter program (Arnold & Allen, 1999) uses the recursive filter technique to facilitate the 

automatic baseflow separation through three different passes (forward, backward, and 

forward) and generate the baseflow index that represents the ratio of the baseflow to 

the total runoff. Equation 2-4 represents the equation of the filter and Equation 2-5 

estimates the baseflow (Arnold & Allen, 1999) in the BFlow program:  

𝑞𝑖 = 𝛽 × 𝑞𝑖−1 +
(1 + 𝛽)

2
× (𝑄𝑖 − 𝑄𝑖−1) (2-4) 

where 𝑞𝑡 is the filtered surface runoff, 𝛽 is the filter parameter (0.925) (Natahan & 

McMahon, 1990; Arnold et al., 1995), 𝑄 is the streamflow, and 𝑖 is the time step 

equivalent to one day. 
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𝑏𝑖 = 𝑄𝑖 − 𝑞𝑖 (2-5) 

where 𝑏𝑖 is the baseflow estimation. 

Land Use Changes and Flow Regime 

Land Use Land Cover (LULC) changes have always been a huge challenge for 

resource management in the world. Sun et al. (2005) have assessed the annual water 

yield responses to potential deforestation in the United States. They found that clearing 

of forested areas would increase water yield with an important spatial variation across 

the study areas. Additionally, they predicted that switching from forest to urban areas 

would be detrimental to the region that received high rainfall. Belmar et al. (2016) have 

studied the responses of catchment hydrologic stability to forest maturity using an 

experimental design. They found that forests’ maturity stabilized the streamflow: 

essentially, forests reduced the floods and increased baseflows. Marhaento et al. (2017) 

have studied the change in the water balance of tropical watershed in Indonesia. They 

found that land use changes highly influenced water balance. As an example, a 

reduction in the forest coverage from 49% to 17%, an increase in the agricultural fields 

from 39% to 45%, and an intensification of settlement areas from 10% to 34% amplified 

the runoff ratio from 36% to 45%. Reduction in vegetation cover by deforestation or 

urbanization generally has the following effects: increasing the floods risks in wet 

seasons and decreasing the baseflow during the dry season (Bruijnzeel, 2004). A 

recent study in an Asian ecosystem (Umair et al., 2019) investigated the effects of 

LULC changes on the runoff and energy budgets in an East Asian ecosystem. These 

researchers found that LULC changes had more significant effects on runoff in tropical 

and arid regions of the study areas. Also, the runoff was extreme in both regions for the 

wet season. Among other environmental factors, land use land cover is critical for better 
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water resources management and planning. Briones et al. (2016) have studied the 

impact of LULC change on the hydrological processes at the sub-basin level in the 

Philippines. They have demonstrated that increasing the forest and rangeland area by 

22% increased the baseflow up to 15% and decreased streamflow up to 17%, whereas 

diminution of the forested areas by 54% reduced the baseflow by 11% to 17% and 

augmented the runoff by up to 24% (Teklay et al., 2019).  

Flow Monitoring  

Observed streamflow data is collected by monitoring the water discharge of a 

section of a river or at the outlet of a watershed system. A watershed can be defined as 

an area of land draining into a stream at a given location, usually the outlet of the basin 

(Chow et al., 1988; DeBarry, 2004). Streamflow measurement is a derivative result from 

a stream gaging process. Streamflow must be calculated from directly measurable 

variables such as streamflow velocity, and stream morphology (Turnipseed & Sauer, 

2010). The United States Geological Survey (USGS) has defined three steps that 

constitute the stream gaging process: a record of the stream stage, a measure of the 

discharge, and a development of the stage-discharge relationship know as a rating 

curve (Turnipseed & Sauer, 2010; Fondriest Environmental, 2015). Measuring the 

stream stage inside a stilling well is a standard method used to record the water level 

over time but is not always possible at all measurement sites. A vented pressure 

transducer can be installed inside a pipe made with polyvinyl chloride (PVC) or metal 

along the stream bank to measure the relative stream stage at a constant reference 

elevation (Fondriest Environmental, 2015; see Figure 2-2). 

Turnipseed and Sauer (2010) have described several methods for discharge 

measurement, and the most practical one is the velocity-area method. This method 
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consists of dividing the stream channel cross-section into vertical subsections whose 

distinct areas are measured using cable or a steel measuring tape based on the stream 

geometry (Figures 2-3 and 2-4). Then, the average flow velocity is measured at each 

distinct subsection using the mechanical current-meter method. Discharge in each 

subsection is calculated and the total streamflow is obtained by adding up the 

streamflow derived from each subsection. The mathematical computations are provided 

in the following equations: 

𝐴𝑖 =  (
𝑑𝑖−1 + 𝑑𝑖

2
) × 𝑤𝑖 (2-6) 

𝑄 = ∑ 𝐴𝑖 × 𝑉𝑖

𝑛

𝑖

 
(2-7) 

where 𝐴𝑖 is the ith subsection area of the stream in m2, 𝑑𝑖 and 𝑑𝑖−1 are the 

corresponding water depths in meters at any stream subsection, 𝑤𝑖 is the width in 

meters of the ith subsection, 𝑄 is the total flow discharge in m3/s, 𝑉𝑖 is the mean velocity 

in m/s measured at the ith subsection, and 𝑛 is the number of subsections of the channel 

stream cross-section. 

From the discharge measurements (Figure 2-5) and the corresponding stream 

stages, mathematical relations known as rating curves can be developed to compute 

the streamflow based on the continuous stream stages recorded on a regular basis like 

the 15-minute intervals used by the USGS stream gages. Turnipseed and Sauer (2010) 

recommend taking periodic flow measurements measuring extremely high and low 

stages and discharges during the monitoring to maintain the stage-discharge relation. 
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Hydrological Model Selection 

All simulation models are designed to mathematically describe particular 

processes under specific conditions. A model must be meticulously understood before 

being applied (Merritt et al., 2003). The decision to use a model requires an appropriate 

literature review of the available models related to the research question to assess their 

applicability to the local conditions where the model intends to be applied (Thomas et 

al., 2017). Modeling hydrological processes is useful because the model may be applied 

as a tool used to assess soil loss and water for conservation planning, and it can predict 

the spatial and temporal distribution of the erosion and water availability (Lal, 1994). 

Combining field monitoring data with mathematical models is potentially apt to help save 

time and money and decrease the necessity of evaluating management alternatives by 

a long process of experimentation (Muñoz−Carpena et al., 2006). Hydrological models 

play a huge role in the soil and water resource management necessary to face the 

increase in water demands (Abbaspour et al., 2015). 

There are several popular hydrological models including the agricultural non-

point source pollution model (AGNPS–Young et al., 1989), the European soil erosion 

model (EUROSEM–Morgan et al., 1998), the kinematic runoff and erosion model 

(KINEROS–Woolhiser et al., 1990), SWAT (Arnold et al., 1998), and the water erosion 

prediction project (WEPP–Laflen, 1991). These models were analyzed with respect to 

their shortcomings, strengths, and applicability by considering a) their spatial and 

temporal resolution, b) input data required, c) outputs provided, d) main approaches and 

equations used, e) and integration with a geographic information system (GIS). Table 2-

2 summarizes the hydrological model comparison. 
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The SWAT model is one of the most frequently used for watershed modeling in 

various worldwide studies, probably due to its relatively simple simulation mechanisms 

and strategies, extensive supporting documentation, multiple pre- and post-processing 

tools, and continuous maintenance and updates (Arnold et al., 2012, 1998; Gassman et 

al., 2007; Her & Heatwole, 2016; Her et al., 2017). Based on the aforementioned 

reasons, its versatility, and its worldwide application to simulate hydrological processes 

even in ungaged watersheds like in Haiti, SWAT is the best candidate for quantifying 

the amount of water available for downstream agricultural areas relative to the land use 

changes. 

Soil and Water Assessment Tool Model Description 

The soil and water assessment tool (Arnold et al., 1998) is a spatially distributed 

parameter model developed to simulate on a daily time step long-term hydrologic 

budget and assess the impacts of management practices, LULC changes, and climate 

change on the hydrological processes in various spatial scales (Srinivasan et al., 2005; 

Neitsch et al., 2011; Her et al., 2015; Her et al., 2017; Jang et al., 2018). SWAT divides 

the watershed into sub-basins according to the topography and the stream network. 

Each sub-basin is then divided into smaller units, which are unique combinations of soil 

characteristics, land use, and slope, to compute the hydrological response units 

(HRUs). The water balance equation presented below is used to compute the 

hydrological cycle (Neitsch et al., 2011). 

𝑆𝑊𝑡 = 𝑆𝑊0 + ∑(𝑅𝑑𝑎𝑦,𝑖 − 𝑄𝑠𝑢𝑟𝑓,𝑖 − 𝐸𝑎,𝑖 − 𝑤𝑠𝑒𝑒𝑝,𝑖 − 𝑄𝑔𝑤,𝑖)

𝑡

𝑖=1

 
(2-8) 
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where 𝑆𝑊𝑡 is the final soil water content in mm, 𝑆𝑊0 is the initial soil water content in 

mm, 𝑅𝑑𝑎𝑦,𝑖 is the amount of precipitation on day 𝑖, 𝑄𝑠𝑢𝑟𝑓,𝑖 is the amount of surface runoff 

in mm on day 𝑖, 𝐸𝑎,𝑖 is the evapotranspiration in mm on day 𝑖, 𝑤𝑠𝑒𝑒𝑝,𝑖 is the amount of 

water that enters the vadose zone on day 𝑖, 𝑄𝑔𝑤,𝑖 is the return flow in mm on day 𝑖, and 

𝑡 is the simulation time step (day). The runoff curve number method (Loague & Freeze, 

1985) and Penman-Monteith procedure (Monteith, 1965) are used to compute the 

surface runoff and the potential evapotranspiration (PET) in the model, respectively 

(Neupane et al., 2015). Further description of SWAT is available from Neitsch et al. 

(2011). 

Model calibration and evaluation. Model calibration is the process of 

estimating the model parameters by comparing the observed values with the simulated 

values so that the model can mimic the dynamics of the system. The soil and water 

assessment tool can be calibrated manually or by using the automatic calibration with 

the support of some optimized algorithms. The automatic calibration becomes very 

common and useful because it provides the users with a powerful, labor-saving tool to 

overcome the cumbersome work (Liew et al., 2005) of locating an optimum global set of 

best parameters manually. Various algorithms and approaches have been developed 

over time. Ng et al. (2010) have compared parameter estimation (PEST) software and 

the GLUE approach to calibrate SWAT. A multi-algorithm, genetically adaptive multi-

objective (AMALGAM) (Vrugt & Robinson, 2007) has been used for calibration in 

diverse studies (Zhang et al., 2011; Her et al., 2015; Her et al., 2017; Shin et al, 2019). 

Several studies have used the University of Arizona’s shuffled complex evolution (SCE-

UA) algorithm (Duan et al., 1992) for calibration (Luce & Cundy, 1994; Kuczera, 1997; 
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Madsen, 2000; Eckhardt & Arnold, 2001; Her, 2011). Bekele and Nicklow (2007) have 

used the non-dominated sorting genetic algorithm II (NSG II) (Deb et al., 2002), a multi-

objective evolutionary algorithm, for SWAT calibration. Several other studies have 

applied the SWAT calibration and uncertainty programs (SWAT-CUP) package 

(Abbaspour, 2011) to automatically calibrate SWAT ( Singh et al., 2013; Abbaspour et 

al., 2015; Teklay et al., 2019). 

The SWAT-CUP allow the modelers to execute the calibration, validation, 

sensitivity, and uncertainty analysis of the model. Five calibration procedures are 

incorporated into the SWAT-CUP package, including the sequential uncertainty fitting 

algorithm, version 2 (SUFI-2). Abbaspour et al. (2015) and Abbaspour (2015) have 

described the procedures applied by SUFI-2 in SWAT-CUP during the calibration. The 

SUFI-2 allows the user to realize a stochastic calibration by taking into account the 

model uncertainty. The uncertainty in the model parameters is propagated as uniform 

distributions using the Latin hypercube sampling approach (McKay et al., 1979, 2000; 

Ye, 1998). The uncertainties in the model outputs are represented by the 95% 

probability distributions, which are the model outputs in the SWAT-CUP calibration 

approach. The SWAT output variables under calibration in SUFI-2 representing the 

good solutions are expressed in the form of the 95% prediction uncertainty (95PPU). 

Eleven objective functions including the coefficient of determination (R2), Nash-Sutcliff 

efficiency (NSE) (Nash & Sutcliffe, 1970), percentage of bias (PBIAS) (Gupta et al., 

1999), and Kling-Gupta efficiency (KGE) (Gupta et al., 2009) are incorporated into the 

calibration procedure of SUFI-2 to select the best simulations. The P-factor and R-factor 

(Abbaspour et al., 2004; Abbaspour, 2015) are two statistics that drive the calibration. 
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The procedures compute the modeling results to envelop the measured data as much 

as possible with the P-factor within the range of the R-factor representing the 95PPU 

envelop thickness. In a perfect world, the simulated model outputs would precisely 

match the measured data if the P-factor was equal to one and the R-factor equal to 

zero. However, a P-factor greater than 0.7 and an R-factor approximately equal to one 

are suggested for flow calibration (Abbaspour, 2015). 

Harmel et al. (2018) have suggested using both statistics and graphics for 

hydrological model evaluation of model performance. Ritter and Muñoz-Carpena (2013) 

have developed a generic procedure for the evaluation of a goodness-of-fit model 

(FITEVAL) that computes both statistics (NSE, RMSE, PBIAS, and p-value) and 

graphics (1:1 line simulated vs. observed value, cumulative probability, observed and 

computed times series values). Moriasi et al. (2015) have recommended statistics to 

judge the strength of the flow calibration on a daily, monthly, and annual time step on 

the watershed scale (Table 2-3, Figure 2-5). 

Integrating SWAT and DSSAT-CROPGRO Dry Bean Models 

In this study, we want to prepare tools that can provide agricultural managers, 

farmers, and policymakers with reasonable insights for efficient decision making. There 

is a concern regarding water resource management in Haiti due to a lack of policies and 

useful information. Previous studies available in Haiti describe the social and economic 

aspects of water resource management, and alternatives for watershed degradation 

and agricultural production (McClintock, 2003; Dolisca et al., 2006, 2007, 2009; Tarter, 

2016; Ghilardi et al., 2018). However, no clear connection has been made between crop 

production and the land cover changes in the upstream areas of the agricultural areas. 

In this context, it was necessary to identify models that can help simulate hydrological 
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processes and crop growth and development. No previous model has been identified in 

the literature to simulate both the hydrological processes and the crop growth so that 

the dynamics and relations between the watershed system and the agricultural areas 

can be investigated. Given the complexity of the two systems (the watershed system 

and agricultural areas), appropriate and powerful models are necessary to represent the 

bio-system dynamics. Two different models were selected: SWAT and the CROPGRO 

Dry Bean model.  

Integrating the two models (SWAT and the CSM-DSSAT-CROPGRO Dry Bean 

model) can be useful in the sense that the hydrologic model allows the simulation of the 

streamflow available from the watershed system and the CSM–DSSAT dry bean model 

allows the integration of the different amounts of water available to estimate the dry 

bean yield. From this perspective, it was essential to connect the dry bean production to 

the watershed management. Since Haiti is suffering from a lack watershed, water 

resources, land use management, and water availability for agricultural production, we 

believe that being able to represent the systems using models and perform simulations 

to understand interconnections and investigate better management practices could be a 

huge contribution to Haitian society. 
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Table 2-1.  Dry bean genetic coefficients in the CSM-DSSAT-CROPGRO crop template 
module (Jones et al., 2003). 

Genetic Coefficients Definition Flag1 Template2 

CSDL  Critical short-day length below which 
reproductive development progresses with 
no day length effect (for short-day plants) 
(hour) 

1 13.500 

PPSEN Slope of the relative response of 
development to photoperiod with time 
(positive for short-day plants) (1/hour) 

1 0.017 

EM-FL Time between plant emergence and flower 
appearance (R1)  
(photothermal days) 

1 31.500 

FL-SH Time between first flower and first pod (R3) 
(photothermal days) 

1 3.000 

FL-SD Time between first flower and first seed 
(R5) (photothermal days) 

1 8.000 

SD-PM Time between first seed (R5) and 
physiological maturity (R7)  

1 20.500 

FL-LF Time between first flower (R1) and end of 
leaf expansion 
 (photothermal days) 

1 21.000 

LFMAX Maximum leaf photosynthesis rate at 30 0C, 

350 vpm CO2, and high light (mg CO2/m2-s) 2 1.000 

SLAVR Specific leaf area of cultivar under standard 
growth conditions  

(cm2/g) 
2 300.000 

SIZLF Maximum size of full leaf (three leaflets) 

(cm2) 
2 150.000 

XFRT  Maximum fraction of daily growth that is 
partitioned to seed and shell 

2 1.000 

WTPSD Maximum weight per seed (g) 2 0.230 

SFDUR Seed filling duration for pod cohort at 
standard growth conditions (photothermal 
days) 

2 21.000 

SDPDV Average seed per pod under standard 
growing conditions (#/pod) 

2 5.200 

PODUR Time required for cultivar to reach final pod 
load under optimal conditions 
(photothermal days) 

2 11.500 

THRSH 
  

The maximum ratio of (seed/(seed + shell)) 
at maturity; 
causes seed to stop growing as their dry 
weights increase until shells are filled in a 
cohort (threshing percentage) 

2 78.000 

SDPRO Fraction of protein in seeds 
(g(protein)/g(seed)) 

2 0.235 

SDLIP Fraction of oil in seeds (g(oil)/g(seed)) 2 0.030 
1Flag 1 corresponds to genetic coefficients related to the phenological development and Flag 2 stands for 
the genetic coefficients related to the growth parameters. 2The Porrillo Sintético was used a template for 
the model calibration. 
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Figure 2-1.  Crop production by region (commune) in Haiti (Ministry of Agriculture of 

Haiti, 2012). “Haricots” means dry bean. 

 
 
Figure 2-2.  Stream gage installed in the river to record the water level every minute. (a) 

The device installation. (b) View of the staff and the water level (Mompremier, 
2018).

 

Arcahaie 
location 
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Table 2-2.  Hydrological models and their characteristics (based on Pandey et al., 2016). 

 

Models and 
Approaches 

AGNPS EUROSEM KINEROS SWAT WEPP 

Spatial 
Resolution 

Distributed 
watershed scale 
model: a grid cell 

Process-oriented, 
dynamic distributed 
model; 
Applicable to field scale 
and small catchments 

Process-oriented, 
distributed, a 
watershed-scale 
simulation model: a 
grid cell 

Spatially distributed 
parameter, watershed-
scale model: hydrologic 
response unit or field  

Distributed, watershed-
scale physical, non-
linear, numerical model: 
a field 

Temporal 
Resolution 

Storm event 
simulation model 

Single event-based 
model: daily 

Single storm event-
based model: hourly 
and sub-hourly 

Long-term continuous 
simulation model: daily 
(agricultural) and 
minutes (urban) 

Event-based model: 
daily 

Input Data 
Required 

Weather, soil 
topography, land 
use 

Climate, soil, land use, 
topography 

Climate, soil, 
topography, land 
cover, channel 
geometry 

Climate, soil, 
topography, land use 

Weather, soil, 
topography, land use, 
channel, impoundment 

Outputs 
Provided 

Soil erosion, 
sediment yield, 
runoff, peak runoff 
rate  

Runoff, sediment yield, 
erosion and deposition 
based on single rainfall 
events 

Runoff, peak runoff 
rate, soil erosion, 
sediment yield 
simulation based on 
storm event  

Long-term hydrological 
processes, soil erosion, 
sediment yield, nutrient 
simulation in large 
complex watersheds 

Runoff, soil detachment 
and deposition, 
sediment yield on an 
event or continuous 
basis using daily time 
step 

Main 
Approaches 
and Equations 

Universal Soil Loss 
Equation and steady 
state continuity 
equation 

Dynamic mass balance 
equation of erosion 

Mass balance 
equation, sediment 
transport capacity 

Modified Universal Soil 
Loss Equation for 
overland sediment, 
Bagnold's stream 
power concept for 
channel sediment, 
continuity equation for 
reservoir sediment 

Kinematic waves 
equations (water flow), 
steady-state sediment 
continuity equation 
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Table 2-3.  Criteria of performance evaluation of the recommended statistics (NSE, R2, 
and PBIAS) by Moriasi et al. (2015) for daily, monthly, and annual time step 
on the watershed scale. 

Statistics 
Response 
Variable 

Performance Evaluation Criteria 
Not 
Satisfactory 

Satisfactory Good Very Good 

NSE Flow NSE ≤ 0.50 0.50 < NSE ≤ 0.70 0.70 < NSE ≤ 0.80 NSE > 0.80 

R2 Flow R2 ≤ 0.60 0.60 < R2 ≤ 0.75 0.75 < R2 ≤ 0.85 R2 > 0.85 

PBIAS (%) Flow PBIAS ≥ ±15 ±10 ≤ PBIAS < ±15 ±5 ≤ PBIAS < ±10 PBIAS < ±5 

 

 
 
Figure 2-3.  Channel stream cross-section divided into subsections according to cross-

section geometry (Source: www.montana.edu). 

 
 
Figure 2-4.  Streambank geometry measurements (a) and flow velocity measurement 

(b) at each subsection of the stream channel cross-section (Mompremier, 
2018). 

http://www.montana.edu/
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Figure 2-5.  Examples notebook record of one day of flow discharge measurements. (a) 
Date, time, list of persons conducting the measurement, weather condition, 
and work realized. (b) Data recorded about the channel cross-section 
geometry and flow velocity. (c) Application of an Excel sheet used to calculate 
the discharge from stream geometry and flow velocity data (Mompremier, 
2018). 

 

(a) (b)

(c)
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CHAPTER 3 
MODELING THE RESPONSES OF AGRICULTURAL PRODUCTIVITY TO WATER 

AVAILABILITY IN HAITI 

Background  

Limited water availability is one of the critical challenges that farmers face in 

developing countries including Haiti (Molnar et al., 2015). The agricultural sector is the 

largest (94%) user of water resources in Haiti (Caliri et al., 2012), and surface water is 

the main source of irrigation for the major crops such as dry bean and plantain. Most 

farmers do not have access to sufficient water for their dry bean fields during the 

growing season (December to March), which was selected according to traditional 

practices rather than the amount of water available. This traditional practice is the result 

of a tradeoff between factors that influence crop growth and yields such as solar 

radiation and water availability. 

Agricultural systems are the heart of the economy of developing countries and 

are affected by the interdependence among many components that have evolved over 

time (MacConnell & Dillon, 1997; Kanyama-Phiri et al., 2017). In Haiti, the downstream 

agricultural area is closely connected to the upstream watershed system. The 

mountainous catchment areas serve as the source of irrigation water for low-lying crop 

areas, and water collected from the watershed plays a critical role in agricultural 

production of irrigated areas. Thus, an understanding of watershed hydrology is 

essential for improved crop production in this interconnected system. 

The dry bean (Phaseolus vulgaris L) is one of the most widely cultivated staple 

crops in the world. It is a complete source of nutrition containing significantly more 

protein, fiber, iron, potassium, and folic acid than conventional grains such as wheat, 

oats, and cereals (Siddiq et al., 2010). In Haiti, beans are mostly consumed for their 
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protein-rich seed. Dry bean can be consumed at the green, immature, or dry (mature) 

stage. They are also important to the Haitian population as a source of iron (FEWS NET 

& USAID, 2018) and as part of traditional Haitian dishes; they are often present in 

Haitians' daily meals. Beans therefore have both economic and cultural importance. 

According to FAO Statistics, the dry bean yield in Haiti varied from 400 kg ha-1 in 1961 

to 697 kg ha-1 in 2017 (FactFish, 2018; FAOSTAT & Organization, 2019). The Ministry 

of Agriculture provided a higher yield from 1,500 to 2,000 kg ha-1 for experiments 

conducted in 2013 (Inozile, 2016). In 2016, the Haitian Ministry of Agriculture reported 

an annual yield of 360 kg ha-1 for the west and 450 kg ha-1 for the northeastern part of 

Haiti (USAI/MARNDR et al., 2016). Studies have reported that fluctuations in crop 

production are often due to variability in rainfall and extreme events such as drought 

and flooding (USAI/MARNDR et al., 2016; Balogun Mohammed et al., 2018; FEWS 

NET & USAID, 2018). 

An understanding of the relationship between upstream and downstream areas is 

necessary for efficient resource management such as flood control, water quality 

improvement, and biodiversity (Wang et al., 2016). From a holistic point of view, the lack 

of water in an upstream watershed reduces agricultural production. The decrease in 

production can then lead farmers to find other sources of income by harvesting timber, 

which reduces the tree covers of the watershed in Haiti; thus, a vicious circle tends to 

develop. In the Arcahaie region, previous experimental studies have explored the 

adaptability of certain crops in the agricultural areas and the commercialization potential 

of agricultural products (Fréguin & Devienne, 2006; Inozile, 2016; Delva, 2017). 
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However, the linkage between the watershed processes and the agricultural areas has 

not been investigated. 

The overall goal of this study was to investigate the linkage between the 

upstream watershed and downstream agricultural areas in Haiti to provide information 

required to make efficient management decisions for improved crop production in Haiti.  

Methods and Materials 

Study Areas 

The upstream watershed and downstream agricultural areas are part of the 

Arcahaie region (18055’00’’N and 72033’20’’W), which is located at 41 km northwest 

from Port-au-Prince, the capital of Haiti (Figure 3-1). The watershed is characterized by 

hills and mountains with high elevation that drain water from 80 km2 to its downstream 

low-lying coastal areas. A geospatial analysis with a 30-meter digital elevation model 

(DEM) obtained from the USGS showed that the elevation in the watershed ranges from 

100 m to 1,498 m with a mean elevation of 779 m above the mean sea level and a 

mean slope of 34.5%. According to the recent land use data obtained from the Centre 

National de l’Information Géo-Spatiale (CNIGS), the watershed is mostly covered by 

savanna (95%) with dense forestry (2%) and other unclassified plants (3%). The 

watershed soils have been characterized as silty clay loam, sandy loam, and clay loam 

(FAO-UNESCO, 2003). 

The upstream headwater watershed and downstream agricultural areas are 

connected by a concrete dam known as the Courjolle River dam, which is used to 

provide water to downstream agricultural fields. The water, which is controlled by gates, 

is diverted into two primary canals that pass through the irrigation areas. The 

agricultural system has mainly been developed in the low land where plantain and dry 
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bean are produced (Figure 3-1). The irrigation system floods the fields using the furrow 

method, which increases water losses by evaporation, infiltration, and percolation. The 

irrigation canals are not very well maintained, which exacerbates the losses during the 

water transport process.  

The climate of Arcahaie is classified as a tropical wet-dry climate (Aw) according 

to the Köppen classification and is characterized by distinct wet and dry seasons 

and precipitation occurring in the summer season (Peel et al., 2007). A remotely sensed 

rainfall data set described by Funk et al. (2015) and Dinku et al. (2018) shows that there 

was an average annual rainfall of 928 mm from 1981 to 2017. Another remotely sensed 

rainfall data set from the NASA POWER data shows, a lower average annual rainfall of 

468 mm (Stackhouse, 2018). In this study, both rainfall data sets were compared to the 

local rainfall data, and both were used to simulate the dry bean yield. The region has 

two distinct wet periods, which take place during April through June and August through 

November, while December through March is relatively dry (Figure 3-2). The average 

annual temperature from 1984 and 2018 was approximately 27.9 °C, with August being 

the warmest month and January the coolest month with average temperatures of 29.6 

°C and 26.2 °C, respectively (Figure 3-2) (Pandey et al., 2016; Maldonado et al., 2019).  

As previously mentioned, we compared the rainfall data retrieved from NASA 

POWER, CHIRPS, and Unité Hydro-Météorologique (UHM). The daily rainfall data of 

UHM, NASA POWER, and CHIRPS from September 1, 2016 to March 22, 2019 were 

statistically compared (t-test), and the comparison showed that they are not correlated 

with each other (Figure 3-3 and Table 3-1). The overall average of CHIRPS daily rainfall 

depths is closer to that of the local weather station (UHM) for the period of evaluation. 
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Both rainfall data sets from NASA POWER and CHIRPS were used to simulate the dry 

bean growth over the long-term simulation, and the yield results were compared. 

Dry Bean Simulation Model 

The overall procedures for this study are summarized in Figure 3-4. In the study, 

the dry bean model CSM-CROPGRO Dry Bean (Hoogenboom et al., 1994), which is 

one of the crop simulation models of the DSSAT (Jones et al., 2003; Hoogenboom et 

al., 2017), was used. The dry bean model dynamically simulates plant growth and 

development and soil and plant water, nitrogen, and carbon physiological processes 

and ultimately predicts final yield. Previous studies have demonstrated the capability of 

the dry bean simulation model to accurately predict the time to flowering, physiological 

maturity, and yield components (Oliveira et al., 2012; Santos et al., 2016). Weather, soil, 

and crop management data were provided as inputs for model to represent the 

landscape of the study area in the modeling experiment. The model was calibrated 

using experimental data that included dry bean growth, development, and yield. The 

model was then used to investigate the impact of growing season selection and 

irrigation water availability on dry bean yield and water use efficiency using the seasonal 

analysis program of DSSAT (Thornton et al., 1995). The irrigation and water availability 

scenarios were based on the observed streamflow discharge hydrographs at the outlet 

of the upstream watershed system measured from August 2018 to April 2019.  

The DSSAT model requires information concerning soil characteristics, daily 

weather, cultivar characteristics, and field management practices for crop growth 

simulation, such as dry bean planting date; planting depth; planting density; fertilizer 

applications dates, rates, and types; irrigation applications dates and rates; and residue 

incorporation (Hunt et al., 2001; Hoogenboom et al., 2012). 
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Soils 

Soil data were collected from a soil survey conducted by Jeune (2015) that 

covered the jurisdictional boundaries of the West Department of Haiti within which the 

study areas are located. The soil survey data were used to represent the soil 

characteristics of the study area and the data that were used included the percentage of 

clay and silt, soil organic matter, pH, and the cation exchange capacity (CEC) for each 

soil horizon. The soil data were also used to update parameters that control the 

dynamics of the soil water balance and the nutrients, such as the drained upper limit 

(DUL), the lower limit (LL), and the saturated soil water content (SAT). 

Weather 

The crop model also requires daily weather data including precipitation (mm), 

minimum and maximum temperature (°C), and solar radiation (MJ m-2). The weather 

data were collected from three different sources. Weather data were compiled from a 

local weather station managed by the UHM (Hydro Weather Unit), which is an 

autonomous Haitian government unit that works closely with the Ministry of Agriculture, 

Natural Resources and Rural Development. The weather data were used to calibrate 

and evaluate the CSM-CROPGRO Dry Bean model from September 1, 2016 to 

December 20, 2018. Since weather data have only been monitored at the local weather 

station since 2016, they could not show any long-term weather trends. Therefore, long-

term daily rainfall, daily maximum and minimum temperature, and solar radiation were 

obtained from NASA POWER (accessible at https://power.larc.nasa.gov/data-access-

viewer/) for the scenario analysis from 1983 to 2018. The NASA POWER project 

provides daily weather data at the spatial resolution of 0.5° × 0.5° (Stackhouse et al., 

2018) and has provided agro-meteorological data to compensate for areas where long-

https://power.larc.nasa.gov/data-access-viewer/
https://power.larc.nasa.gov/data-access-viewer/
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term weather data are not readily available (Maldonado et al., 2019). Additionally, 

another remotely sensed rainfall data set from the CHIRPS with a spatial resolution of 

0.05° × 0.05° was used for the long-term simulation. However, errors can be contained 

in the remotely sensed weather data because it has not been reported that action was 

taken to correct bias against local observations specific to the study area. This is a 

potential source of uncertainty in the study.  

Calibration and evaluation 

Calibration of the CSM refers to the estimation of crop genetic coefficients (or 

cultivar-specific parameters) (Hunt et al., 1993; Boote et al., 2003; Jones et al., 2011). 

Cultivar genetic coefficients are the parameters that define each cultivar’s traits in the 

DSSAT cropping system. Cultivar genetic coefficients need to be appropriately 

estimated to represent the local cultivars or varieties because these coefficients are 

critical for the accurate simulation of plant growth and development (Buddhaboon et al., 

2018). In this study, the CSM-CROPGRO Dry Bean model was calibrated with local 

experimental data (unpublished data, Colbert). Nine cultivar coefficients that are directly 

associated with dry bean development and yield were selected for calibration. 

The GLUE framework is integrated into the DSSAT crop modeling system to 

assist with the estimation of cultivar coefficients (He et al., 2009; He et al., 2010; Jones 

et al., 2011). In the GLUE procedure, the likelihood function in Equation 3-1 is used to 

evaluate the agreement between observed and modeled variables of interest (He et al., 

2010). 

𝐿[𝜃𝑖| 𝑂] = ∏
1

√2𝜋𝜎𝑜
2

𝑒
(−

(𝑂𝑗−𝑆(𝜃𝑖))
2

2𝜎𝑜
2 )  

 

𝑀

𝑗=1

 (3-1) 
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where 𝜃𝑖 is the ith parameter set, 𝑖 is the index, and it varies from 1 to 𝑁, 𝑁 is the total 

number of parameter sets generated by the algorithm, 𝑆(𝜃𝑖) is the model output derived 

from parameter set 𝜃𝑖, 𝑂 is the observation, 𝑂𝑗 represents the jth observation of 𝑂, 𝜎𝑜
2 

signifies the model errors’ variance, and 𝑀 is the number of observations. He et al. 

(2010) and Jones et al. (2011) have described the details of the DSSAT parameter 

estimation procedures. 

Due to the quality and uncertainty depicted in the dry bean experiment data, four 

combinations of the treatments from the three years have been tested to calibrate and 

evaluate the CSM-DSSAT-CROPGRO Dry bean model. (1) aggregate and split, (2) 

2016 and 2017 for calibration and 2018 for evaluation, (3) 2016 and 2018 for calibration 

and 2017 for evaluation, and (4) 2016 for calibration and 2017 for evaluation. 

First calibration trial (1stCT). A differential split-sample test was implemented 

to ensure the reliability of the calibrated model (Klemeš, 1986). In the model calibration 

and evaluation, dry bean yield records from the three years of experiments were 

randomly selected and split into two groups where each group was comprised of 19 

records including the time to flowering, physiological maturity, and yield data. The model 

parameters were then calibrated using one of the groups, and the other group was used 

to evaluate the performance of the calibrated model and vice versa. This study identified 

a parameter set that provided a lower NRMSE than the others did while exhibiting 

acceptable performance in the evaluation period. Model accuracy is regarded as 

“excellent” and “good” when an NRMSE is less than 10% and between 10% and 20%, 

respectively (Jamieson et al., 1991; Rinaldi et al., 2003; Anar et al., 2019). In the study, 
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the relative error statistic (RE) and the NRMSE were calculated using Equations 3-2 

and 3-3 (Willmott, 1982; Liu et al., 2012).  

𝑅𝐸 =
𝑆̅ − 𝑂̅

𝑂̅
 (3-2) 

𝑁𝑅𝑀𝑆𝐸 = 𝑅𝑀𝑆𝐸
𝑂̅

⁄ × 100 =
√∑ (𝑆𝑖 − 𝑂𝑖)2𝑛

𝑖=1
𝑛

𝑂̅
⁄

× 100 (3-3) 

where 𝑆𝑖, 𝑆̅, 𝑂𝑖, 𝑂̅, and 𝑛 are the ith simulated values, the average of the simulated 

values, the ith observed values, the average of the observed values, and the number of 

observed values, respectively. 

Dry bean yield data were collected for three years from 2016 to 2018. In the 2016 

dry bean experiment, there were three cultivars under evaluation (Aifi Wuriti, DPC-40, 

and X-RAV-40), two fertilizer applications (one of 550 kg ha-1 of nitrogen (N), 

phosphorus (P) and potassium (K) (NPK) (12-12-20) and one of 228.3 kg ha-1 of triple 

superphosphate (0-46-0)), and one control (no fertilizer application) for each cultivar. 

Additionally, there were two inoculation options (inoculated seeds and non-inoculated 

seeds from each cultivar). We had 18 treatments with four replications in a completely 

randomized block design. Two optimum treatments related to the XRAV-40 cultivar 

were used in the calibration process. In the 2016–2017 dry bean experiment there were 

seven lines and five cultivars including the X-RAV-40, two fertilizer applications (one of 

130.2 kg ha-1 of urea (46-0-0) and one of 217.8 kg ha-1 of triple superphosphate (0-46-

0)), and one control (no fertilizer application) for each line and cultivar for a total of 36 

treatments with two replications. Six of the treatments where the yields were not 

significantly different from the X-RAV-40 (using a paired t-test and Wilcoxon rank test) 

were then selected for the calibration and evaluation. X-RAV-40 or Sankara is the 
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cultivar of interest because it was tested during the three years of experiments and used 

as a control. In the 2018 experiment, there was no fertilizer application. Several sets of 

new lines were tested for adaptability in the region and were compared with the X-RAV-

40. This study selected the dry bean lines and dry bean cultivars where the p-values 

were higher than 0.05 (using a paired t-test and Wilcoxon rank test), which assumed 

that the difference in yield between the control (X-RAV-40) and the line or cultivar under 

analysis was not statistically significant. Thirty yield data were then selected and 

incorporated into the calibration and evaluation processes. In the end, anthesis and 

maturity dates were used for calibration and evaluation. The data were analyzed and 

processed to create the necessary files for model calibration and evaluation 

(Experiment Files X) of the CSM-DSSAT-CROPGRO Dry Bean model. 

Second calibration trial (2nd CT). We used the 2016 and 2018 data for 

calibration and 2017 for evaluation. For this combination, three treatments that did not 

receive fertilizer over the three years were selected. One treatment from 2016 and one 

treatment from 2018 for calibration and one treatment from 2017 for evaluation. 

Third calibration trial (3rd CT). We used the 2016 and 2017 data for calibration 

and 2018 for evaluation. In this trial, as a difference from the previous one, the 2016 

and 2017 treatments were used for calibration while the 2018 treatment was applied for 

model evaluation (Table 3-12). 

Fourth calibration trial (4th CT). We used the 2016 for calibration and 2017 for 

evaluation. Since only two years of the experiments include treatment with fertilizers 

(2016 and 2017), one treatment related to the nitrogen application was selected for 
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each year. Then, the 2016 treatment was used for calibration and the 2017 treatment 

was used for validation (Table 3-12).  

The “experiment input file” or “File X” is one of the DSSAT input files and 

contains information related to each experiment: (1) landscape information such as field 

location, slope, size, weather, soil characteristics, and the initial soil conditions of study 

fields including previous crop cultivated and the amount of water and nitrogen available 

in the soil profile; (2) management practices including cultivar used, planting date, 

pesticides, fertilization and irrigation applications, and dates; and (3) the treatments 

tested during the experiment. The experiment input file allows the user to combine all 

information about a field experiment in different scenarios for model analysis (Jones et 

al., 2013). The detailed information of dry bean management practices that were used 

for model calibration and evaluation is shown in Tables 3-3 and 3-13. 

Scenario Analysis 

Streamflow monitoring 

The water availability and irrigation application scenarios were developed based 

on the streamflow observations made at the outlet of the watershed. The Courjolle 

streamflow was monitored from August 2018 to April 2019. A water level sensor was 

installed along with a level staff close to the outlet of the watershed on August 22, 2018 

to record the water level every minute. The cross-section of the monitoring point and 

flow velocity were measured once a week on average and the rainfall events during the 

wet period were captured. Based on the measurements, a rating curve was developed 

for the Courjolle River and then used to estimate the daily average discharge from the 

recorded water levels. 
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The baseflow separation was implemented to understand the contribution of 

baseflow to the streamflow over time (Wittenberg, 1999). The recursive filter technique 

adopted in the baseflow filter program 

(https://swat.tamu.edu/media/70817/baseflow2006-06.zip) was used to separate 

baseflow from total runoff (Arnold & Allen, 1999). The baseflow index (BFI) that 

represents the ratio of baseflow to the total runoff was calculated to quantify the 

contribution of baseflow to the water resources. In addition, the Richards-Baker (R-B) 

flashiness index of the streamflow was calculated to understand the temporal dynamics 

of the river flow and the promptness of surface water responses to rainfall events in the 

watershed system (Baker et al., 2004). Undeveloped (or natural) watersheds tend to 

have smaller R-B index values than developed (or urbanized) ones. Baker et al. (2004) 

have reported that an index of 0.25 for a stream with a watershed area smaller than 

77.7 km2 would be classified as a stable groundwater-based stream, while the same R-

B index (0.25) for a larger watershed (7,770 km2) would be considered a flashy stream.  

During the hydrological monitoring, parts of the streamflow (13%) could not be 

measured due to sensor malfunction, sedimentation at the station, and the limited 

capacity of a data logger used. The missing streamflow data were filled by the linear 

interpolation of available flow values using Equations 3-4 and 3-5.  

𝑀𝐹(𝑗) = 𝑀𝐹(𝑗−1) − 𝑏 
(3-4) 

𝑏 =
 ∆𝑀𝐹

𝑁
 

(3-5) 

where 𝑀𝐹(𝑗) is the estimated streamflow of the current day (m3 s-1), 𝑀𝐹(𝑗−1) is the 

estimated streamflow of the previous day (m3 s-1), 𝑗 is the index, and it varies from 1 to 

𝑁, 𝑁 is the number of missing days, 𝑏 is the daily change in the flow (m3 s-1 day-1), and 
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∆𝐵𝐹 is the difference in the streamflow between the beginning and the end of the 

missing data (m3 s-1). 

Irrigation water availability quantification 

The daily discharge data obtained from the flow monitoring were converted into 

the daily volume to quantify the water availability for the downstream agricultural areas 

as follows: 

𝑊𝐴 = 𝑆𝐷 ∗ 60 ∗ 60 ∗ 24 ∗ Ɛ 
(3-6) 

where 𝑊𝐴 is the amount of water available for irrigation (m3 day-1), 𝑆𝐷 is the observed 

streamflow discharge (m3 s-1), and Ɛ is the irrigation efficiency (50%). The following 

equation was used to calculate the daily water availability in the unit of depth (mm) for 

the DSSAT-CROPGRO Dry Bean modeling: 

𝑊𝐴𝐷 (𝑚𝑚) =
𝑊𝐴

𝐴𝑟𝑒𝑎𝐼𝑟𝑟𝑖𝑔𝑎𝑡𝑖𝑜𝑛  ×  10
 

(3-7) 

where 𝑊𝐴𝐷 is daily irrigation water available in mm and 𝐴𝑟𝑒𝑎𝐼𝑟𝑟𝑖𝑔𝑎𝑡𝑖𝑜𝑛 is the size of the 

area that is being irrigated in ha (1,800 ha in this study) (MARNDR, 2012). We then 

calculated the sum of the daily available water (𝑊𝐴𝐷) for the entire dry bean growing 

season, which lasts two and a half months. 

There are two types of canal in this region: concrete (or lined) and earthen 

canals. The lined canals deliver water from the watershed outlet or the dam to each of 

the irrigation blocks that contain multiple dry bean fields. Water delivered to the 

entrance of each irrigation block is then distributed to the individual fields through the 

earthen canal network. In this study, an irrigation efficiency of 50% was assumed based 

on the literature and an understanding of the local conditions (Brouwer et al., 1989). 

Based on the communication with the local dry bean researcher, it was assumed that a 
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fixed amount of irrigation water was applied every eight days. This estimated amount of 

water for irrigation was then used as an input for the dry bean model as part of the 

scenario analysis (Figure 3-1). 

Planting dates 

The planting date for dry bean was determined based on an understanding of 

management practices implemented in the study areas. The local farmers grow dry 

bean from December to March, which is called “Campagne de haricot d’hiver” (winter 

bean campaign). The farmers do not sow all their seed at the same time due to the 

limited availability of seeds and the lack of labor force. The data sets received from the 

Ministry of Agriculture of Haiti for the winter bean campaigns in 2015-2016 and 2016-

2017 indicate that the sowing dates ranged from December 10 to January 15, but most 

of the planting dates were close to December 15. Since the yield responses to irrigation 

water deficits are the focus of this study, we assumed that fertilizer was not limiting and 

that pests, diseases, and weeds were properly controlled. 

Scenario development 

Fifteen water availability and irrigation scenarios were developed from the 

combinations of planting seasons and irrigation practices. Five dates were selected for 

the planting season scenarios, including October 15, November 15, December 15, 

January 15, and February 15, and three irrigation application scenarios were prepared: 

well-irrigated (unlimited irrigation water condition), irrigated under the currently available 

irrigation water condition (irrigation water-limited), and no irrigation water applied 

(rainfed condition). In the scenario analysis, the water availability for irrigation under the 

current condition (irrigation water-limited) was estimated from streamflow monitoring, as 

previously mentioned. The average length of dry bean growing seasons is two and half 
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months (or 75 days). Thus, the irrigation water available for a growing season was 

calculated by adding up the daily flow discharge in the unit of depth (mm) for the period 

of 75 days. For the limited irrigation water condition, the irrigation water measured for 

the 2018–2019 growing season was used as a reference to estimate the water 

availability for the other thirty-five years to simulate the long-term simulations by using 

the runoff-rainfall ratio. Therefore, from the rainfall data sets available, a corresponding 

flow was estimated for each growing season. From a modeling perspective, the long-

term irrigation water availability should be estimated from a calibrated hydrological 

model, which would provide the streamflow availability from the upstream watershed 

considering the watershed dynamics. This is a method to pursue because using one 

year’s data to make the calculations for the irrigation water availability (limited irrigation 

water) has limitations in providing an accurate flow estimation for the long-term dry bean 

yield simulations. 

For the scenario analysis, the December 15 planting season was selected for the 

baseline scenario because it represents the current farming practice in the study areas. 

The planting dates were then shifted to one or two months early (October and 

November) to include scenarios that can secure more irrigation water (wet period). The 

planting dates were also moved later to January 15 and February 15 to have scenarios 

that can gain more solar radiation for dry bean growth. The modeling scenarios (or 

treatments) are summarized in Table 3-4. 

To simulate the current irrigation water availability or the irrigation water-limited 

scenarios, a fixed amount of irrigation water was estimated to be supplied to the field 

every eight days based on the water availability for the growing season. Considering the 
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variability of the rainfall and the irrigation water available during the 35 years, the 

irrigation water supplied for the December growing season varied from 45 to 241 mm for 

an average of 161 mm (Table 3-8).  

In the case of the “well-irrigated” or unlimited irrigation water scenarios, the 

amounts of water supplied were based on the soil moisture. The soil was set to be fully 

refilled to its water holding capacity within the depth of 30 cm (root zone) whenever the 

soil water content became equal to or less than 80% of the water holding capacity 

regardless of the water availability (Lopez et al., 2017). The “rainfed” scenarios 

assumed that no irrigation water was available or applied. Two such extreme scenarios 

(unlimited irrigation water (W) and rainfed (R)) were introduced to demonstrate the 

effectiveness of irrigation in the study areas. Also, in the irrigation scenario analysis, it 

was assumed that the amount of water available was evenly applied to all dry bean 

fields. 

For the long-term dry bean growth simulations, information on dry bean 

management practices was compiled from local growers and researchers and 

summarized in Table 3-5. The analysis of variance (ANOVA) and Tukey’s honestly 

significant difference (HSD) were used to evaluate the statistical difference among the 

different scenarios (OW to FW, OL to FL, and OR to FR). 

Results and Discussion 

Crop Model Calibration and Evaluation 

The calibrated values of the cultivar genetic coefficients are compared with the 

default values in Table 3-6. A well-calibrated dry bean cultivar, the Porrillo Sintético 

cultivar, was used as a template for the calibration process (Dr. Boote, personal 

communication, 2018). In the differential split-sample test, the dry bean yield data were 
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randomly selected and evenly partitioned into two groups. In the study, the calibration 

practice implemented with the first and second halves of the yield data are denoted as 

the first and second parameter estimation (FPE and SPE) practices, respectively. 

Additionally, the study tested three other combinations of the dry bean treatments for 

the model calibration and evaluation. The performance evaluation of them are 

presented in Table 3-13 and the estimated genetic coefficients are presented in Table 

3-14.  

Anthesis and maturity 

The CSM-DSSAT-CROPGRO Dry Bean model calibrated by the FPE and SPE 

practices provided excellent performance in predicting the time to flowering and time to 

physiological maturity of dry beans. The predicted average time to flowering and 

physiological maturity for the calibration in the FPE was 38 days and 68 days compared 

to 38 days and 67 days for the observed values. Additionally, for the evaluation the 

predicted average time to flowering and physiological maturity in the FPE was 38 days 

and 68 days compared to 39 days and 68 days for the observed values, respectively. 

For the evaluation, there was a one-day average difference between the simulated and 

observed values for the anthesis, and there was no difference for the physiological 

maturity (Table 3-7). In addition, the average time to flowering (Table 3-7) predicted was 

38 days after sowing, which was close to that (38 days) of the observed and a value (37 

days) reported by the National Seed Service of the Ministry of Agriculture of Haiti 

(Beaver et al., 2014). The simulated number of days (68 days) from sowing to maturity 

was similar to those reported by the Ministry of Agriculture in 2017 (67 and 68 days). 

The evaluation demonstrated that the CSM-DSSAT-CROPGRO Dry Bean model could 
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mathematically represent the physiological processes of dry beans in the study areas in 

Haiti. 

For the other calibration trials (second, third, and fourth), similar results were 

found in the model performance for the time to flowering (anthesis). The difference 

between the simulated and observed time to flowering varied from 2 to 4 days, which 

gave a relative error between 3% to 9.5% (Table 3-13). Also, the difference between 

simulated and the observed time to physical maturity varied from 0 to 5 days during the 

model evaluation, which provided a relative difference that ranged from 0 to 7.1%. The 

largest differences in the anthesis (4 days) and maturity (5 days) were observed for the 

third calibration trial that used the 2016 nitrogen treatment for calibration and the 

nitrogen treatment of the 2017 experiment for evaluation.  

Yield 

The NRMSE of dry bean yields simulated from the two calibration practices 

varied from 18% to 27% during the model calibration and evaluation. The error statistics 

indicate that the DSSAT model provided “fair” performance in simulating the dry bean 

yield using the genetic coefficients calibrated (Jamieson et al., 1991; Rinaldi et al., 

2003). The predicted yields (1,515 kg ha-1 and 1,628 kg ha-1 from the FPE and SPE, 

respectively) were greater than the observed yields (1,426 kg ha-1 and 1,412 ha-1), and 

the differences (6% and 15%) were regarded as acceptable since the NRMSEs were 

less than 30% (Jamieson et al., 1991; Rinaldi et al., 2003). The set of parameters 

identified from the FPE was selected for the following scenario analysis since the FPE 

provided a better agreement with the observed values than the SPE did. 

The size of errors in the yield predictions was greater than those of the anthesis 

and physiological predictions (Table 3-7). The relatively large errors in the yield 
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prediction can be explained by the variations in the management practices actually 

implemented and weather conditions that were not effectively captured by the weather 

data incorporated into the model as well as the limitations of the model and uncertainty 

in the observed yield data. In addition, the field experiments implemented at the study 

areas (unpublished data, Dr. Colbert) showed that variations in the yields of different dry 

bean cultivars were greater than those in the anthesis and physiological maturity even 

though the differences were not statistically significant. The treatments from the three 

years of the dry bean experiments indicate that there was only one day to three days of 

variations in the anthesis, but the observed yield had fluctuated much more during the 

same period. However, Table 3-13 shows poor performance of the model for simulating 

the yield when we applied for the second, third, and four calibration trials. 

In the second calibration trial, the simulated yield (1465 kg ha-1) was 57% greater 

than the observed one (932 kg ha-1) for the calibration while the mean difference in yield 

is 20% for the evaluation (Table 3-13). Similar results were observed with the fourth 

calibration trial. The simulated yield (1601 kg ha-1) was 69% greater that the observed 

yield (950) for the calibration. In the opposite, for the evaluation the observed yield 

(1655 kg ha-1) was 10% greater than simulated yield. But, the third calibration trial, 

using the 2016 and 2018 control treatments for calibration and the control treatment of 

2017 for evaluation, was able to provide relative error less than 30% for both calibration 

and evaluation. The relative error between the simulated yield and the observed yields 

for was 17% and 27% for the calibration and the evaluation, respectively (Table 3-13). 

However, lower errors were obtained in the first calibration trial, which was to aggregate 

and randomly split treatments from the three years for calibration and evaluation. 



 

63 
 

Temporal Variations of Irrigation Water Availability 

The runoff hydrograph observed at the watershed outlet showed high fluctuations 

from August to October with average and peak discharges of 3.26 m3 s-1 and 8.02 m3 s-1 

(on October 16), respectively (Figure 3-5). From November, the streamflow was mainly 

constituted by the baseflow with relatively small variations in direct runoff even though 

the baseflow began decreasing in October. The BFI was estimated at 0.70, which 

indicates the significance of the baseflow as the source of water in the study areas. The 

R-B flashiness index for the entire period of monitoring including the wet and dry 

seasons was calculated at 0.14, and it increased to 0.21 when focusing only on the wet 

period (August to October). Considering that the total watershed area is 80 km2, an R-B 

index of 0.14 indicates that the Courjolle River can be regarded as a stable 

groundwater-based stream that makes a relatively significant and constant groundwater 

contribution to the streamflow (Baker et al., 2004). The baseflow separation and 

flashiness analysis showed that baseflow is the major source of water for the 

agricultural system in the watershed. 

The amount of water available for the downstream agricultural area for the 2018–

2019 growing season was estimated from the streamflow hydrograph measured at the 

watershed outlet by considering an average length of 75 days for the dry bean growing 

season (Figure 3-5 and Tables 3-8, 3-9). Since the water available from the stream for 

irrigation varies positively with the rainfall while the irrigation water demand varies 

negatively with the rainfall, the amounts of irrigation water applied under the currently 

available irrigation water scenarios (OL, NL, DL, JL, and FL) are presented in Tables 3-

8 and 3-9 as averages of a range of irrigation water supplies over the long-term 

simulations. As part of the wet season in the study areas, October and November could 
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provide more streamflow than the irrigation water currently needed for the dry bean 

crops (Table 3-8 and Table 3-9). Therefore, there was no water limitation for irrigation 

water supply during the October and November scenarios. 

For instance, the averaged amounts of irrigation water needed in October and 

November for the 35 years of weather data were estimated to be 185 mm and 217 mm, 

respectively, using the NASA POWER rainfall, and 175 mm and 211 mm using the 

CHIRPS rainfall for the October and November growing seasons, respectively. The 

ranges of irrigation water supplied accounted for the variation in the rainfall data. When 

rainfall was available, the dry bean crops required less irrigation water. 

In terms of crop water demand, the model simulated an increase of 37% and 

33% in the irrigation water required under the unlimited irrigation water supply from the 

October (OW) to the February (FW) planting dates for NASA POWER and CHIRPS 

rainfall, respectively as presented in Tables 3-8 and 3-9. This trend can be explained by 

the fact that rainfall availability decreased for those periods for both rainfall data sets 

NASA POWER and CHIRPS, respectively, while more solar radiation was available, 

which requires more transpiration from the dry bean (Tables 3-8, 3-9, 3-10, 3-11 and 

Figures 3-8, 3-9). Thus, the demand for irrigation water from the upstream watershed 

became more critical going from the October to the February planting seasons. 

Responses of Dry Bean Yields to Water Availability 

Using the NASA POWER rainfall data set. The long-term simulated dry bean 

yields are presented in Figure 3-6. The results indicate that for any month considered 

the rainfed scenarios (OR, NR, DR, JR, and FR) provided the lowest yields with 

medians ranging from 30 kg ha-1 (JR) when planted in January to 49 kg ha-1 (OR) when 

planted in October (Table 3-8). These yield levels were substantially different from those 
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of the other scenarios considered in this study (Figure 3-6), highlighting the importance 

of irrigation for dry bean production. Under the rainfed condition, the DR scenario 

provided the second-lowest median yield of 33 kg ha-1, which is 8% to 32% less than 

that of the other scenarios, which is attributed to the smallest amount of rainfall being 

received during the growing period of DR (December to March: 47 mm) compared to 

OR (97 mm), NR (62 mm), JR (52 mm) and FR (74 mm) (Figures 3-2, 3-5, and 3-6; 

Table 3-8). 

Under the unlimited irrigation water (W) condition, the yield increased 

consistently from the October to February planting scenarios, which is not surprising 

since solar radiation increased on average from 16.2 to 20.6 MJ m-2 as shown by 

Figures 3-2 and 3-6 and Table 3-8. For instance, for the February planting date (FW), 

the yield was 23% higher than the yield of the October planting date (OW). The relative 

difference can be explained by the fact that water and temperature were not limited in 

these scenarios. The dry bean yield was then driven by the amount of solar radiation 

that would increase the photosynthesis processes to produce more dry matter 

accumulation and consequently provided more yield when moving the planting seasons 

from October to February (Tables 3-8, 3-9). 

However, the simulated yields for the irrigation water-limited scenarios (OL, NL, 

DL, JL, and FL) decreased consistently from the November to February planting dates 

(Figure 3-6), which is explained by the fact that the irrigation water supplied by the river 

became more and more limited from October to February and the rainfall decreased as 

well as presented in Figures 3-2, 3-5, 3-6, and 3-8 and Table 3-8. The water stress from 

December to February affects the leaf expansion, which reduces the photosynthesis 
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and the accumulation of the dry matter in the dry bean. The JL and FL scenarios 

provided yields 92% and 90% less than did DL, respectively. Also, the predicted yields 

were 84% and 93% greater than that of the DL in the OL and NL scenarios, 

respectively. The ANOVA confirmed the significant difference between simulated dry 

bean yield from the scenarios under the irrigation water-limited conditions because 

F(4,170) = 42.34, p-value < 0.0001. Additionally, the HSD tests specified that October, 

November, January, and February planting seasons were significantly different in yield 

from the control (December planting season) with all p-values < 0.01. When considering 

the three levels of irrigation water availability in December, for example, the hypothetical 

scenarios unlimited irrigation water (W, DW) and rainfed (DR) provided yields 114% 

greater and 95% lower than the DL scenario. Such results demonstrate that the 

productivity of the agricultural area is significantly limited by the amount of water coming 

from its upstream watershed and its temporal variability. Based on the yields simulated 

with the NASA POWER rainfall data, the results suggest that local farmers could plant 

dry beans earlier than December to improve their yield by securing more water from the 

river for irrigation. 

Using the CHIRPS rainfall data set. Based on the CHIRPS rainfall data set, 

more water was available from the rainfall, which meant less irrigation water supply 

required for the agricultural areas from the stream as shown in Table 3-9. The overall 

trends in the yield for the scenarios were not changed by using the rainfall from the 

CHIRPS data sets (Figure 3-7). For instance, under the unlimited irrigation water 

condition (W), the dry bean yield increased from October to February as it did with the 

NASA POWER data set. Similar to the NASA POWER rainfall data set, under the 
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irrigation water-limited condition or limited water supply, the simulated yields decreased 

during the November to February planting seasons. However, since more rainfall water 

was provided by the CHIRPS data set during the growing season, even though the 

trends was the same, higher yields were simulated for the December (DL), January 

(JL), and February (FL) planting seasons. Additionally, the median yield increased by 

3% when planting the dry bean one month earlier (November), but not significantly. 

Also, planting in October would decrease the dry bean yield by 4% while the mean yield 

increased for both planting seasons by 6% in October and 14% in November. Planting 

later (in January and February) still decreased the yield and significantly by 57% and 

49%, respectively, compared to the baseline (DL) as presented in Figure 3-7 and Table 

3-11. The simulated yields for the rainfed scenarios were also low compared to the 

unlimited and limited irrigation water conditions similar to the NASA POWER rainfall, 

which confirms the importance of irrigation water supply to the dry bean fields in the 

study areas during crop production.  

As a comparison to the NASA POWER data set, the yield simulated by the 

CHIRPS data set in December under the rainfed condition increased by 42% from 33 kg 

ha-1 (from NASA POWER) to 47 kg ha-1. However, it was still low compared to the yield 

provided by the dry bean under the limited irrigation water condition (1,299 kg ha-1) for 

the same growing season (DL) and compared to the yield potential of our cultivar. 

Additionally, the dry bean yield simulated under the current irrigation water availability 

for the December planting season (DL) with the CHIRPS rainfall data provided a yield 

92% higher than that of the NASA POWER data going from 676 ha-1 to 1,299 ha-1 with 

the CHIRPS rainfall data set. 
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Also, the estimated genetic coefficients from the second, third, and fourth 

calibration trials in Table 3-14 were tested for simulating the dry bean growth with the 

CHIRPS data set. Similar patterns showed by in the first calibration trial were simulated 

with the GCs from the second, third, and fourth calibration trials (Table 3-15). 

Implications and Limitations 

This study demonstrated that the productivity of a downstream cropping system 

relies on the hydrological variability of an upstream watershed system. The baseflow 

separation results demonstrate that the streamflow in the watershed of this study mainly 

consisted of baseflow (BFI of 0.70 and R-B flashiness index of 0.14), which indicates 

that the watershed is a groundwater-based system (Baker et al., 2004). Such hydrologic 

features are favored for the purpose of irrigation since groundwater discharge or 

baseflow are more consistent compared to direct runoff, providing a more stable water 

supply for irrigation. Since the streamflow is groundwater-based, it is believed that 

forestation of the upstream areas of the watershed (covered by savanna) would yield 

more water during the dry bean growing season. The productivity can also be improved 

by reducing water loss in the middle of delivering water from the source to where the 

water is used for irrigation, and proper maintenance of the irrigation delivery system can 

help increase the amount of water actually supplied for irrigation. For further analysis to 

help local farmers improve their production systems in the current irrigation water 

situation, the amount of irrigation that is applied can be adjusted based on water 

conditions of the field and monitoring of crop growth rather than following conventional 

practices such as applying a fixed amount of irrigation water regularly (Lopez et al., 

2017). Advanced irrigation scheduling methods could be tested under the irrigation 
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water-limited (L) condition, and an optimum water application schedule could be 

identified based on both experimental and simulation studies. 

One of the greatest challenges faced in this work was the limited quantity and 

quality of data that were available for crop model evaluation and scenario 

implementation. The local weather data had many missing days, and there was no local 

long-term weather record to analyze weather and climate variability. While crop 

modeling requires at least local rainfall data to model accurate simulations, especially 

for tropical environments (Hoogenboom, 2000), the local weather station data were 

complemented with remotely sensed data that were obtained from the CHIRPS and 

NASA POWER data. Such compensation might have increased uncertainty in the 

outputs provided by the model. There was also missing information in the crop growth 

measurements that were used for model calibration and evaluation, such as the amount 

and timing of irrigation water that was applied. For model calibration, the non-stressed 

treatments (no water stress and no nutrients stress) from the experiments should be 

used (Hoogenboom et al., 2012). However, from the data sets used, the non-stress 

condition was assumed in the processes of calibrating and evaluating the CSM-DSSAT-

Dry bean model. Thus, the uncertainty introduced during model calibration could also 

affect the uncertainty of the scenarios and associated outcomes. Additionally, the linear 

interpolation of streamflow discharge for missing data might underestimate the amount 

of water available for irrigation in the downstream crop production areas. Another 

limitation is the use of one year of flow data measurement as a reference (2018–2019) 

to simulate the dry bean yield over 35 years. The long-term irrigation water availability 

needs to be estimated from a hydrological model. However, the emphasis of this study 
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was on the relative comparison between the efficiency of irrigation and dry bean 

management practices; uncertainty will be addressed in a future study. This study 

demonstrated the relationship between a watershed system and a crop production 

system to provide more efficient crop and watershed management practices and plans. 

Conclusion 

The calibrated CSM-DSSAT-CROPGRO Dry Bean model provided an 

acceptable agreement with observed dry bean anthesis, physiological maturity, and 

yield and was then applied to investigate the interactions between the watershed and 

the agricultural areas in Haiti. Dry bean production was significantly limited by the 

temporal variations of the watershed hydrology, confirming the necessity of irrigation 

systems for agriculture in the study areas. The CSM-DSSAT-CROPGRO Dry Bean 

modeling experiment also demonstrated that the dry bean production was more 

substantially restricted by limited water availability in the warmer months. Thus, 

securing more constant water resources, including baseflow, was expected to improve 

the dry bean production. This study provided information necessary to agricultural 

management planning for Haiti and demonstrated that agricultural production cannot be 

improved without understanding the relationship between the watershed and agricultural 

areas. This study demonstrated that crop modeling and watershed monitoring could 

provide information useful for decision-making by agricultural managers, farmers, and 

private, governmental, and non-governmental institutions involved in agriculture and 

watershed management. 

 



 

71 
 

Table 3-1.  Comparison of the UHM, NASA POWER, and CHIRPS rainfall data sets. 
Sets Compared Mean Rainfall p-value (from t-test) Pearson Correlation (R) 

UHM vs. NASA P. 3.8mm vs. 1.9mm 6.3e-06 0.24 

UHM vs. CHIRPS 3.8mm vs. 2.5mm 0.0041 0.10 

NASA P. vs. CHIRPS 1.9mm vs. 2.5mm 0.0051 0.38 

 

 
 
Figure 3-1.  The watershed and agricultural system of this study located in Arcahaie, 

Haiti. The land use and Haiti boundary data were collected from the CNIGS, 
Haiti. 

Table 3-2.  Soil characteristics of the dry bean fields. 

Depth (cm) Silt (%) Clay (%) pH 
CEC 
(cmol/kg) 

Organic Matter 
(%) 

0–10 54 31 8.0 22.89 2.91 
10–22 59 28 7.7 27.50 2.53 
22–34 56 32 8.0 24.80 2.22 
34–45 58 32 7.6 27.84 1.27 

Source: Jeune, 2015. 
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Figure 3-2.  Long-term average monthly rainfall, solar radiation, and temperature from 
NASA-POWER (1984–2018) data for Arcahaie, Haiti. 

 

Figure 3-3.  Linear relationship between rainfall data retrieved from NASA POWER, 
CHIRPS, and UHM. (a) NASA POWER vs. UHM, (b) CHIRPS vs. UHM, and 
(c) NASA POWER vs. CHIRPS.  
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Table 3-3.  Summary of the three years of dry bean management practices used in the 
model calibration and evaluation. 

Period Item Description 

2016 

Planting date January 4th, 2016 
Field design (1) Plant population at sowing date: 16.67 plants m-2  

(2) Row spacing: 60 cm  
(3) Planting depth: 4 cm 

 

Fertilization (1) 550 kg ha-1 of 12-12-20 (12% nitrogen, 12% P2O5, and 
20% K2O)  
(2) 228.26 kg ha-1 of triple superphosphate  
(1) Previous crop: dry bean 

 
Initial soil 
conditions 

(2) Initial residue root weight: 1 kg ha-1 
(3) Initial nodule weight: 0 kg ha-1 
(4) Initial residue nitrogen: 0.5 % 

 

 
(5) Initial residue phosphorus: 0.5 % 
(6) Initial available soil water: 50 % 
(7) Initial soil nitrogen: 25 kg ha-1 

Water applications 24 mm of water every eight days 
treatment 18 treatments by combining three cultivars (Aifi Wuriti, 

DPC-40, and X-RAV-40), three fertilization applications, 
and two seeds inoculation options (inoculated and not 
inoculated seeds) 

Measured data ADAP1, MDAP2, HWAM3, HWUM4 

2016–2017 

Planting date December 20th, 2016 
Field design Same as the 2016 experiment 
Fertilization (1) 130.21 kg ha-1 of urea (46-0-0) (46% nitrogen)   

(2) 217.8 kg ha-1 of triple superphosphate (0-46-0) 

 

Initial soil 
conditions 

Same as the 2016 experiment 

Water applications 24 mm of water every eight days 
treatment  36 treatments by combining seven dry bean lines and 

five dry bean cultivars (Tudor 390, FBN-1210-25, 1566-
8, 1423-14, PR1423-165, 1566-13, X-RAV-40, LORE-
324, DPC-40, Salagnac local, Salagnac-2000, LORE-
254), two types of fertilizers (urea and triple 
superphosphate), and one control without fertilization for 
each line and cultivar. 

Measured data ADAP, MDAP, HWAM, HWUM, H#UM5  

2017–2018 

Planting date December 21st, 2017 
Field design Same as the 2016 experiment 
Fertilization No fertilization applied 
Initial soil 
conditions 

Same as the 2016 experiment 

Water applications 24 mm of water every eight days 
treatment Each cultivar tested 
Measured data ADAP, MDAP, HWAM 

1 ADAP: anthesis date (day after planting), 2MDAP: maturity date (days after planting), 3HWAM: yield at 
harvest maturity (kg [dm]/ha), 4HWUM: unit weight at maturity (g [dm]/unit), 5H#UM: number at maturity 
(no/unit). 
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Table 3-4.  Planting and irrigation application scenarios. 

Scenario 
Number 

Scenario 
Code 

Planting Season Irrigation Application 

1 OW October Unlimited irrigation water (W) 
2 OL October Limited irrigation water (L) 
3 OR October Rainfed (R) 
4 NW November Unlimited irrigation water (W) 
5 NL November Limited irrigation water (L)  
6 NR November Rainfed (R) 
7 DW December Unlimited irrigation water (W) 
8 DL December Limited irrigation water 
9 DR December Rainfed (R) 
10 JW January Unlimited irrigation water (W) 
11 JL January Limited irrigation water (L)  
12 JR January Rainfed (R) 
13 FW February Unlimited irrigation water (W) 
14 FL February Limited irrigation water (L)  
15 FR February Rainfed (R) 

 

 
 
Figure 3-4.  Overall procedures of evaluating the linkage between the upstream 

watershed and downstream agricultural areas. 

Downstream Dry Bean Irriga

DSSAT Cropping System 
Model (DSSAT: 

CROPGRO Dry Bean)

Crop Growth and Yield 
Simulation (1983 -2018)

Crop Yield Comparison

Model Calibration and 
Evaluation

Downstream 
Dry Bean Irrigation Areas

Model Inputs

Crop Data and 
Management practices: 

3 years of dry bean growth 
and phenology.

Weather Data
(Rainfall, Temperature, 
Solar Radiation): Local 

(UHM), and satellite (NASA 
Power)

Soil Layers Data
(Soil survey, Jeune 2015)

River Flow Monitoring
(from August 22   , 2018)nd

Irrigation scenarios
15 scenarios including:
- 5 different planting 

seasons (Oct, Nov, Dec, 
Jan, and Feb)

- 3 irrigation applications 
(Well irrigated, water -
limited, and rainfed 
conditions)

Upstream 
Watershed Areas

Irrigation Water Available 
(for the Growing Season)

Flow Discharge and Base 
Flow Hydrographs

Calibrated and Evaluated 
dry bean cultivar (X-RAV-40)
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Table 3-5.  Summary of dry bean management practices represented in the DSSAT 
model for the scenario analysis. 

Components Defined Description 

Planting dates Oct. 15, Nov. 15, Dec. 15, Jan. 15, and Feb. 15 

Field design (1) Plant population at sowing date (plants/m2): 16.67 

 (2) Plant population at emergence date (plants/m2): 
16.67  

 (3) Row spacing (cm): 60 
 (4) Planting depth (cm): 4 

Fertilization No fertilization applied 

Initial soil conditions (1) Previous crop: dry bean 
 (2) Initial residue root weight (kg/ha): 1 
 (3) Initial nodule weight (kg/ha): 0 

 (4) Initial residue nitrogen (%): 0.5 

 (5) Initial residue phosphorus (%): 0.5  
 (6) Initial available soil water (%): 50  
 (7) Initial soil nitrogen (kg/ha): 25 

Treatments or scenarios 

Three different amounts of available water (well 
irrigated, current water available, and rainfed)  
Five planting dates (10/15, 11/15, 12/15, 01/15, and 
02/15) 

 

 
 
Figure 3-5.  Streamflow hydrographs measured at the outlet of the watershed system 

(or the Courjolle river) from August 2018 to March 2019. The baseflow was 
separated from the total runoff using the BFlow method, and precipitation was 
recorded at a local weather station close to the study areas.  
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Table 3-6.  Comparison of the default and calibrated DSSAT parameter values. 

Parameters Description Ranges 
Default 
Value1 

Calibrated 
Value2 

EM-FL 
Time between plant emergence and flower 
appearance (R1) (photothermal days) 

20–35 31.50 31.440 

FL-SD 
Time between first flower and first seed (R5) 
(photothermal days) 

6–13 8.00 12.340 

SD-PM 
Time between first seed (R5) and 
physiological maturity (R7) (photothermal 
days) 

14–29 20.50 14.860 

SLAVR 
Specific leaf area of cultivar under standard 
growth conditions (cm2/g) 

250–350 300.00 255.300 

SIZLF 
Maximum size of full leaf (three leaflets) 
(cm2) 

133–180 150.00 139.900 

WTPSD Maximum weight per seed (g) 0.22–0.66 0.23 0.362 

SFDUR 
Seed filling duration for pod cohort at 
standard growth conditions (photothermal 
days) 

11–22 21.00 21.850 

SDPDV 
Average seeds per pod under standard 
growing conditions (#/pod) 

2–5 5.20 4.770 

PODUR 
Time required for a cultivar to reach final 
pod load under optimal conditions 
(photothermal days) 

4–16 11.50 15.390 

1The default value represents the genetic coefficients of the template (Porrillo Sintético). 2The calibrated 
value represents the genetic coefficients for the X-RAV-40. 

 

 
Figure 3-6.  Variability in simulated dry bean yield for the planting date and irrigation 

scenarios using the NASA POWER rainfall. 
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Table 3-7.  Accuracy evaluation of anthesis, physiological maturity, and yield simulated 
using the calibrated DSSAT model for dry bean growth and yield in the study 
area (Arcahaie, Haiti). 

 First parameter estimation (FPE) 

 Calibration  Evaluation 

Variables Obs. Sim. RMSE 
NRMSE 
(%) 

RE (%)  Obs. Sim. RMSE 
NRMSE 
(%) 

RE (%) 

Anthesis (day) 38 38 3.0 8.0 0.0  39 38 2.7 7.0 3.0 

Maturity (day) 67 68 2.0 3.0 1.0  68 68 1.9 2.8 0.0 
Yield (kg/ha) 1,412 1,485 255.0 18.1 5.0   1,426 1,515 303.5 21.3 6.0 

 Second parameter estimation (SPE) 
 Calibration  Evaluation 

Variables Obs. Sim. RMSE 
NRMSE 
(%) 

RE (%)  Obs. Sim. RMSE 
NRMSE 
(%) 

RE (%) 

Anthesis (day) 39 39 2.7 6.9 0.0  38 39 3.2 8.3 3.0 

Maturity (day) 68 68 1.9 2.8 0.0  67 68 2.0 3.0 1.0 
Yield (kg/ha) 1,426 1,648 379.0 26.6 16.0   1,412 1,628 332.7 23.6 15.0 

Obs.: observed; Sim.: simulated; RMSE: root mean square error; NRMSE: normalized RMSE; RE: 
relative error. 

 

 
Figure 3-7.  Variability in simulated dry bean yield for the planting date and irrigation 

scenarios using the CHIRPS rainfall data set. 
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Table 3-8.  Averages and ranges of the amount of irrigation water supplied to dry bean 
fields, and the ranges of rainfall available for each scenario using the NASA 
POWER rainfall data set. 

Scenario 
Number 

Scenario 
Codes 

Irrigation Water 
Available 

Means and Ranges of 
Irrigation Water Applied 

(mm) 

Ranges of Rainfall 
(mm) 

1 OW Unlimited 89–268 (185) 

11–277 2 OL* Limited 89–268 (184) 

3 OR - 0 

4 NW Unlimited 114–271 (217) 10–254 

5 NL* Limited 75–252 (191) 10–254 

6 NR - 0  

7 DW Unlimited 183–283 (242) 

10–116 8 DL Limited 45–241 (161) 

9 DR - 0 

10 JW Unlimited 180–296 (253) 

10–147 11 JL Limited 12–178 (61) 

12 JR - 0 

13 FW Unlimited 175–306 (254) 

11–203 14 FL Limited 11–205 (73) 

15 FR - 0 

*OL and NL scenarios are not limited by irrigation water available from the stream. 
 

 
Figure 3-8.  Variability of the solar radiation for each scenario under the limited irrigation 

water supply condition (OL, NL, DL, JL, and FL). 
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Table 3-9.  Averages and ranges of the amount of irrigation water supplied to the dry 
bean fields, and ranges of rainfall for each scenario using the CHIRPS rainfall 
data set. 

Scenario 
Number 

Scenario 
Codes 

Irrigation Water 
Available 

Means and Ranges of Irrigation 
Water Supplied (mm) 

Ranges of 
Rainfall (mm) 

1 OW Unlimited 131–226 (175) 

11–247 2 OL* Limited 131–226 (175) 

3 OR - 0 

4 NW Unlimited 142–246 (211) 

33–174 5 NL* Limited 142–246 (207) 

6 NR - 0 

7 DW Unlimited 168–254 (226) 
35–142 

8 DL Limited 105–241 (184) 

9 DR - 0  

10 JW Unlimited 195–282 (239) 

48–162 11 JL Limited 48–248 (142) 

12 JR - 0 

13 FW Unlimited 198–291 (232) 

74–227 14 FL Limited 61–201 (135) 

15 FR - 0 

*OL and NL scenarios are not limited by irrigation water available from the stream. 

 

 
Figure 3-9.  Variability of the weather simulated by the CROPGRO Dry Bean model for 

each scenario under the limited irrigation water supply condition, including 
October, November, December, January, and February. (a) Rainfall from 
NASA POWER, (b) Rainfall from CHIRPS. 
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Table 3-10.  Summary of the median simulated yield, average solar radiation, and 
temperature minimum and maximum for each scenario using the NASA 
POWER rainfall data. 

Scenarios Yield (kg ha-1) SRAD (MJ m-2) Tmax (oC) Tmin (oC) 

OW 1,246 

16.2 30.4 21.9 OL 1,246 

OR 49 

NW 1,353 

16.3 30.1 20.6 NL 1,303 

NR 39 

DW 1,447 

17.4 30.3 20.1 DL 676 

DR 33 

JW 1,535 

19.1 30.8 20.4 JL 55 

JR 30 

FW 1,538 

20.6 31.5 21.3 FL 68 

FR 36 
SRAD: solar radiation, Tmax: temperature maximum, Tmin: temperature minimum, ET: 
evapotranspiration. 
 

Table 3-11.  Summary of median simulated yield, average solar radiation, and 
temperature minimum and maximum for each scenario using the CHIRPS 
rainfall data. 

Scenarios Yield (kg ha-1)  SRAD (MJ m-2) Tmax (oC) Tmin (oC) 

OW 1,257 

16.2 30.4 21.9 OL 1,246 

OR 110 

NW 1,349 
16.3 30.1 20.6 

NL 1,335 

NR 43    

DW 1,452 

17.4 30.3 20.1 DL 1,299 

DR 47 

JW 1,552 

19.1 30.8 20.4 JL 554 

JR 41 

FW 1,545 

20.6 31.5 21.3 FL 668 

FR 82 
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Table 3-12.  Summary the dry bean experiment data available for the calibration and the 
evaluation processes of the X-RAV-40 cultivar. 

Cultivars Treatments 

Fertilizer 
application 
proportion and 
dates 

Flowering 
date 

Maturity 
date 

Harvest 
date 

Yield (kg ha-1) 

2016 Experiment 

X-RAV-40 

12-12-20 

100% applied 
2 dbp 37 dap  

63 dap 

90 dap 

950 (I), 940 (NI) 

P2O5 820 (I), 950 (NI) 

Control 590 (I), 750 (NI) 

DPC-40 

12-12-20 

70 dap 

620 (I), 1100 (NI) 

P2O5 770 (I), 840 (NI) 

Control 530 (I), 710 (NI) 

2017 Experiment 

X-RAV-40 

46-0-0 

50% applied 1 
dap, and 50% 
applied 40 dap 

42 dap 

70 dap 87 dap 

1656 

P2O5  43 dap 1626 

Control 43 dap 1114 

DPC-40 

46-0-0 

43 dap 

3013 

P2O5  2392 

Control 2354 

2018 Experiment 

X-RAV-40 

Control 

No fertilizer 
applied 

36 dap 67 dap 

79 dap 

1625 

Control 38 dap 68 dap 1801 

Control 36 dap 67 dap 1716 

Control 36 dap 66 dap 1985 

Control 38 dap 67 dap 1980 

Control 36 dap 68 dap 78 dap 1329 

dap: days after planting; dbp: days before planting; I: inoculated seeds; NI: non-inoculated seeds. 
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Table 3-13.  Accuracy evaluation of anthesis, physiological maturity, and yield simulated 
using the calibrated DSSAT model for dry bean growth and yield in the study 
area (Arcahaie, Haiti). 

  Second calibration trial (Using 2016, 2017 for calibration, and 2018 for evaluation) 

 Calibration Evaluation 

Variables Obs. Sim. RMSE 
NRMSE 
(%) 

RE 
(%) 

Obs. Sim. RMSE 
NRMSE 
(%) 

RE 
(%) 

Anthesis 
(day) 

40 40 0 0.0 0 38 40 2 5.3 5.3 

Maturity 
(day) 

66 67 2 3.0 1.5 68 68 0 0.0 0.0 

Yield (kg/ha) 932 1,465 533 57.2 57.2 1,329 1,599 270 20.3 20.3 

  Third calibration trial (Using 2016, 2018 for calibration, and 2017 for evaluation) 
 Calibration Evaluation 

Variables Obs. Sim. RMSE 
NRMSE 
(%) 

RE 
(%) 

Obs. Sim. RMSE 
NRMSE 
(%) 

RE 
(%) 

Anthesis 
(day) 

38 38 0 0 0 43 41 2 4.7 3.0 

Maturity 
(day) 

66 66 0.7 1.1 0 70 68 2 2.9 1.0 

Yield (kg/ha) 1,040 1,214 174 16.7 16.7 1,114 1,410 296 26.6 26.6 
 Fourth calibration trial (Using 2016 for calibration and 2017 for evaluation) 
 Calibration Evaluation 

Variables Obs. Sim. RMSE 
NRMSE 
(%) 

RE 
(%) 

Obs. Sim. RMSE 
NRMSE 
(%) 

RE 
(%) 

Anthesis 
(day) 

37 37 0 0 0 42 38 4 9.5 9.5 

Maturity 
(day) 

63 63 0 0 0 70 65 5 7.1 7.1 

Yield (kg/ha) 950 1,601 651 68.5 68.5 1,655 1,484 171 10.3 10.3 

Obs.: observed; Sim.: simulated; RMSE: root mean square error; NRMSE: normalized RMSE; RE: 
relative error. 
 

Table 3-14.  Estimated genetic coefficients for the four calibration trials. 

Parameters Ranges Default Value1 1st CT 2nd CT 3rd CT 4th CT 

EM-FL 20-35 31.5 31.44 30.90 33.20 30.78 

FL-SD 6-13 8 12.34 12.53 10.36 7.28 

SD-PM 14-29 20.5 14.86 14.45 15.05 17.78 

SLAVR 250-350 300 255.30 279.88 256.33 304.12 

SIZLF 133-180 150 139.90 138.97 141.15 138.00 

WTPSD 0.22-0.66 0.23 0.36 0.54 0.31 0.24 

SFDUR 11-22 21 21.85 21.36 20.80 11.85 

SDPDV 2-5 5.2 4.77 3.78 3.27 3.33 

PODUR 4-16   11.5 15.39 15.85 15.77 4.37 
1Generic coefficient of the cultivar used as template for the calibration; 1st CT: first calibration trial; 2nd CT: 
second calibration trial; 3rd CT: third calibration trial; 4th CT: fourth calibration trial. 
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Table 3-15.  Simulated dry bean yields for the four calibration trials. 

Scenarios 
Yield kg ha-1 
(1st CT) 

Yield kg ha-1  
(2nd CT) 

Yield kg ha-1 
(3rd CT) 

Yield kg ha-1 

(4th CT) 

OW 1,257 1266 1303 1193 

OL 1,246 1271 1307 1207 

OR 110 89 134 201 

NW 1,349 1332 1408 1328 

NL 1,335 1332 1412 1322 

NR 43 35 46 84 

DW 1,452 1478 1513 1565 

DL 1,299 1271 1333 1327 

DR 47 38 46 68 

JW 1,552 1544 1603 1757 

JL 554 502 546 828 

JR 41 32 39 64 

FW 1,545 1565 1591 1894 

FL 668 500 522 859 

FR 82 80 70 107 
1st CT: first calibration trial; 2nd CT: second calibration trial; 3rd CT: third calibration trial; 4th CT: fourth 
calibration trial. 
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CHAPTER 4 
PREDICTED EFFECTS OF DEFORESTATION AND AFFORESTATION ON 

AGRICULTURAL WATER AVAILABILITY AND DRY BEAN PRODUCTION IN HAITI 

Background  

In Haiti, forests started being cleared to grow cash crops such as coffee and 

sugar cane in the country’s colonial period from 1697 to 1804, and this deforestation 

has continued to the present day (Runge & White, 1994; Tarter et al., 2017). Besides 

crop production, the demand for fuelwood and charcoal has also substantially 

contributed to forest degradation in Haiti (Ghilardi et al., 2018). Deforestation and 

urbanization are known to increase peak flows and flood risk in wet seasons and 

decrease baseflow during dry seasons (Bruijnzeel, 2004; Marhaento et al., 2017). 

Although deforestation is believed to affect Haitian agriculture and water resources 

negatively, the impacts have not been quantified to guide natural resources 

management planning and practices. 

Watershed management plays an essential role in the protection of soil and 

water resources and thus helps to improve agricultural sustainability (Nikolaidis et al., 

2013; Abdelwahab et al., 2014; Bisantino et al., 2015; Abdelwahab et al., 2018). 

Developing plans for natural resource conservation requires knowledge of the 

watershed processes and the interactions among them, namely the population; the 

socioeconomic aspect of the place; the biophysical interconnections among soil, water, 

and land use; and the connection between upland and downstream areas (Ffolliott et 

al., 2002). The connection between upland and downstream areas has not been a focus 

in Haitian watershed management. It has been reported that approximately 30% of 

Haitian land had been irreversibly degraded (Gardi et al., 2014). There is a need to 

develop and implement effective watershed management plans and practices to stop 
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land degradation and restore hydrological conditions and processes for improved 

sustainability of Haitian agriculture and natural resources. 

Streamflow as the main source of water for agricultural irrigation is controlled by 

landscape including land covers, topography, and soils as well as rainfall and its 

spatiotemporal variations in Haiti (CNSA/MARND, 2013; Molnar et al., 2015; Adamson 

et al., 2016; FEWS NET & USAID, 2018). Studies have investigated how streamflow 

responds to changes in land use and climate ( Neupane et al., 2015; Belmar et al., 

2016; Anaba et al., 2017; Marhaento et al., 2017). Extensive human-induced land use 

changes are a major global environmental issue affecting hydrologic processes such as 

rainfall interception, evapotranspiration, surface soil hydraulic conductivity, and thus 

water availability and balance ( He et al., 2008; Germer et al., 2009; Scheffler et al., 

2011; Muñoz-Villers & McDonnell, 2013; Yan et al., 2013; Nepal et al., 2014). The 

impact of land use changes on stream flow can be significant, especially for tropical 

areas such as Haiti that have greater energy inputs and faster rates of natural 

processes (Wohl et al., 2012). 

Simulation models are commonly used as tools to examine the effect of land 

uses and management practices on hydrology and water resources (Naef et al., 2002; 

Thanapakpawin et al., 2007; Huisman et al., 2009). There are many models that 

represent the hydrological processes of a watershed, and SWAT is one of the models 

that has been widely used in hydrological studies, presumably due to its relatively 

simple simulation concept and mechanism, comprehensive supporting documents, 

various pre- and post-processing tools, and continuous model maintenance and 

updates (Arnold et al., 2012, 1998; Gassman et al., 2007; Her & Heatwole, 2016; Her et 
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al., 2017). The SWAT model divides a watershed by its land uses and covers, soils, and 

slopes, which allows for spatial variations of landscape components in hydrologic 

modeling. Thus, the model has been used extensively to assess the effects of land use 

and management changes on watershed hydrologic responses including streamflow 

(Schilling et al., 2008; Neupane et al., 2015). 

Governmental and non-governmental organizations (NGOs) have advocated for 

the reforestation of mountainous areas and water management in Haiti (Widmer et al., 

2018). Studies have investigated the relationships among deforestation, environmental 

quality, fuelwood consumption in Haiti, and the perception of farmers toward forest 

conservation (McClintock, 2003; Dolisca et al., 2006, 2007, 2009; Tarter, 2016; Ghilardi 

et al., 2018). Churches et al. (2014) have evaluated the spatiotemporal changes of 

Haiti’s forest coverage using Landsat imagery, and Balogun Mohammed et al. (2018) 

have assessed alternative bioenergy crops to replace trees as feedstock for charcoal 

production. Although deforestation is reasonably suspected to affect natural resources 

and agriculture in Haiti negatively, its impacts have not been quantified, and the linkage 

between them has not yet been explored. 

This study answers the question of how afforestation and deforestation can affect 

the streamflow available during the dry period to provide useful information to 

watershed managers in Haiti. A watershed model, SWAT, was used to mathematically 

represent the hydrological responses of a study watershed to weather and land cover 

changes. The model was calibrated and validated with daily streamflow data monitored 

at the watershed outlet. The runoff variations were assessed under eight different 

forestation scenarios for the dry period between 2018 and 2019. Then, the watershed 
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modeling results were fed into a crop growth simulation using the CSM-CROPGRO Dry 

Bean model of the DSSAT to link the watershed hydrological processes to dry bean 

yield and investigate the relationship between the land use changes and the agricultural 

responses downstream. 

Methods and Materials 

Study Area 

This study focused on the CRW located in the Arcahaie region of Haiti, which 

represents a typical agricultural landscape with downstream low-lying irrigation areas 

connected to upstream mountainous watersheds (Figure 4-1). The study watershed 

drains water from 80 km2, and it is dominated by savanna (97%) (CNIGS, 2008). 

NASA's global shuttle radar topography mission (SRTM) data show that the elevation of 

the watershed ranges from 100 to 1,498 m above mean sea level (USGS, 2014). The 

FAO Digital Soil Map of the World (DSMW) indicates that the study areas are covered 

by silty clay loam, sandy loam, and clay loam (FAO-UNESCO, 2003). The mean annual 

rainfall retrieved from CHIRPS between 1981 and 2017 was 928 mm (Funk et al., 2015; 

Dinku et al., 2018). The average temperatures collected from the NASA POWER project 

range (from 1984 to 2018) between 29.6 °C and 26.2 °C for August (warmest) and 

January (coolest), respectively (Figure 4-2; Stackhouse et al., 2018). The CRW is 

critical in providing water for domestic use and agricultural production in its downstream 

areas. The Arcahaie region is known for its capacity to produce dry bean and plantain in 

Haiti (RGA/MARNDR et al., 2012). However, the local farmers have difficulty finding 

enough water for their fields during dry seasons (MARNDR, 2012).  
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Streamflow Monitoring  

The streamflow level was recorded at the outlet of the CRW every minute from 

August 2018 to April 2019. Once a week, the water level was read on a staff and the 

cross-section and flow velocity were measured. From the records, a rating curve was 

constructed for the outlet, and then the flow discharge was calculated from the water 

level. During the hydrological monitoring period, parts of the streamflow could not be 

measured due to sensor malfunction, sedimentation at the station, and the limited 

capacity of a data logger used. The missing streamflow data were linearly interpolated 

using Equation 4-1 and Equation 4-2.  

𝑀𝐹(𝑗) = 𝑀𝐹(𝑗−1) − 𝑏 (4-1) 

 

𝑏 =
 ∆𝑀𝐹

𝑁
 (4-2) 

where 𝑀𝐹(𝑗) is the estimated streamflow of the current day (m3 s-1), 𝑀𝐹(𝑗−1) is the 

estimated streamflow of the previous day (m3 s-1), 𝑗 is the index, and it varies from 1 to 

𝑁, 𝑁 is the number of missing days, 𝑏 is the daily change in the flow (m3 s-1 day-1), and 

∆𝐵𝐹 is the difference in the streamflow between the beginning and the end of the 

missing data (m3 s-1). Description and details are provided in Chapter 3. 

Watershed Model Preparation 

In this study, the hydrological characteristics and processes of the CRW were 

mathematically described using the SWAT model (Arnold et al., 1998), which was also 

used to represent deforestation and afforestation scenarios and simulate their impacts 

on the responses (streamflow) of the CRW. Previous studies have demonstrated the 
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capacity of SWAT as a tool for simulating hydrological watershed responses to changes 

in tree coverage (Sun et al., 2005; Neupane et al., 2015; Marhaento et al., 2017).  

For SWAT modeling, topography data in raster format with 30-m resolution 

(SRTM 1-Arc-Second Global) was collected from the USGS (accessible at 

https://earthexplorer.usgs.gov/; see Table 4-1). The soil information was retrieved from 

the FAO-UNESCO soil database (FAO-UNESCO, 2003). The most recent land cover 

data were obtained from the Haitian government. The closest local weather station 

available was located approximately 10 km away from the CRW and is managed by the 

Haitian UHM. The UHM provided the rainfall data from 2016 – when the station began 

to collect rainfall data – to 2019. The solar radiation, temperature, wind speed, and 

relative humidity were downloaded from the NASA POWER project data set for the 

same period (2014–2019; accessible at https://power.larc.nasa.gov/data-access-

viewer/) for model calibration and scenario analysis (Pandey et al., 2016; Lopez et al., 

2017; Maldonado et al., 2019). Rainfall data missing from the UHM were filled in using 

values from other sources (mainly CHIRPS; Funk et al., 2015; Dinku et al., 2018). The 

CRW land cover is characterized by savanna (97%) and dense agroforestry system 

(2%) (CNIGS, 2008). The compiled landscape and weather information was provided to 

the SWAT model as input data. Then, the SWAT model for the CRW was set up with 25 

sub-basins and 212 HRUs with a threshold of 1.5 km2 for each sub-basin and 5% each 

for the HRUs’ land use, soil, and slope (Her et al., 2015) (Figure 4-3). In the SWAT 

model, the dominant land cover – savanna – was represented by woods in poor 

condition in which forest litter, small trees, and brush were destroyed by heavy grazing 

or regular burning (Neitsch et al., 2011). 

https://earthexplorer.usgs.gov/
https://power.larc.nasa.gov/data-access-viewer/
https://power.larc.nasa.gov/data-access-viewer/
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The SWAT model was calibrated to daily streamflow measured at the outlet of 

the watershed, and the calibrated model was used to simulate the runoff processes in 

response to the scenarios. The state variables of the model were stabilized for the first 

simulation period from January 2014 to August 2018 when streamflow observations 

were not available. The data period from August 2018 to April 2019 was split into four 

periods based on the hydrological regimes (two wet and two dry periods: Wet1 (August 

22, 2018 to October 11, 2018), Wet2 (October 12, 2018 to December 1, 2018), Dry1 

(December 2, 2018 to February 11, 2019), and Dry2 (February 13, 2019 to April 23, 

2019). A t-test implemented showed that the means (2.76 cm3 s-1 and 2.79 cm3 s-1) of 

flow discharges measured in the two wet periods were not different from each other in a 

statistical sense (p-value = 0.907). On the other hand, the two dry periods did not have 

the same mean flow discharges (1.06 cm3 s-1 vs. 0.68 cm3 s-1). However, it was 

believed that the difference in the low flow would not affect the calibration significantly 

because the NSE coefficient that was used as the objective function in the calibration is 

known to be insensitive to low values. 

Based on an understanding of the hydrological process of the study areas, 

literature, and expert judgments, 16 key parameters (Table 4-2) were selected for model 

calibration (Arnold et al., 2012). A differential split-sample test was then performed to 

calibrate and evaluate the model using the two pairs of sub-periods’ streamflow 

observations: Wet1-Dry2 and Wet2-Dry1. For instance, the first wet period (Wet1) and 

the second dry period (Dry2) used for model evaluation in the first calibration trial (FCT) 

were employed to calibrate the parameter in the second calibration trial (SCT). This 

study could not obtain a large number of streamflow observations due to limited access 
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to the study areas and short monitoring periods, and the differential split-sample test 

was expected to help improve the representativeness of a calibrated parameter with a 

limited amount of data. 

The model was calibrated using the Latin hypercube sampling approach (McKay 

et al., 1979, 2000; Ye, 1998) from the SUFI-2 incorporated in the SWAT-CUP tool. In 

each of the calibration trials, four iterations of 1,000 parameter sets were sampled and 

evaluated in a sequential manner to gradually narrow down the parameter value ranges 

(Marhaento et al., 2017). The NSE (Nash & Sutcliffe, 1970) and KGE (Gupta et al., 

2009) were used as objective functions, which were maximized in the calibration. 

𝑁𝑆𝐸 =  1 −  
∑ (𝑄𝑜𝑏𝑠(𝑖) − 𝑄𝑠𝑖𝑚(𝑖))

2𝑛
𝑖=1

∑ (𝑄𝑜𝑏𝑠(𝑖) − 𝑄̅𝑜𝑏𝑠)
2𝑛

𝑖=1

 (4-3) 

where 𝑄𝑜𝑏𝑠(𝑖) is the ith observed daily discharge data, 𝑄𝑠𝑖𝑚(𝑖) is the ith simulated daily 

discharge data, 𝑄̅𝑜𝑏𝑠 is the mean observed data, and 𝑛 is the total number of observed 

data. 

𝐾𝐺𝐸 =  1 −  ((𝑟 − 1)2 + (𝛼 − 1)2 + (𝛽 − 1)2)
1

2⁄  (4-4) 

where 𝛼 =  
𝜎𝑠

𝜎𝑚
, 𝛽 =  

µ𝑠

µ𝑚
, 𝑟 is the linear regression coefficient between simulated and 

measured discharge, 𝜇𝑠 and 𝜇𝑚 are means of the simulated and measured data, and 𝜎𝑠 

and 𝜎𝑚 are the standard deviations of simulated and measured data. The performance 

of a calibrated model was further evaluated using other performance statistics such as 

coefficient of determination (r2) and PBIAS (Ritter & Muñoz-Carpena, 2013; Abbaspour 

et al., 2015). A generic model evaluation procedure, FITEVAL, was used to investigate 

the accuracy in detail (Ritter & Muñoz-Carpena, 2013; Harmel et al., 2018). In this 
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study, NSE equal to or greater than 0.5 and PBIAS smaller than ±15% were regarded 

as acceptable in accordance with Moriasi et al. (2015) and Harmel et al. (2018). 

Crop Model Preparation 

Local farmers irrigate water to grow dry bean and plantain in the downstream 

areas of the CRW, and the streamflow discharge of the CRW is the source of the water 

(Figure 4-1). The CSM-CROPGRO Dry Bean model of the DSSAT (Hoogenboom et al., 

1994) was used to mathematically represent the dry bean physiological processes 

(Chapter 3). Rainfall data obtained from different sources including NASA-POWER, 

CHIRPS, and local weather stations of UHM were combined to create a single water 

time-series for the DSSAT modeling. Soil data compiled from a local soil survey (Jeune, 

2015) and three years of crop management data including anthesis, physiological 

maturity, and yield were incorporated into the CSM-DSSAT-CROPGRO Dry Bean 

model for model calibration and evaluation. The calibrated crop model was used to 

simulate the dry bean yield responses to the different watershed land cover 

(deforestation and afforestation) scenarios regarding the amount of water that can be 

provided. In the study areas, farmers grow dry bean from December to March, and the 

recent data sets received from the Ministry of Agriculture of Haiti for 2015–2016 and 

2016–2017 indicate that most of the dry bean fields are planted around December 15. 

Since the focus of the study was to quantify the responses of the dry bean yield to the 

variations of the water availability (or deficit), we assumed that fertilizers were not 

limiting and that pests, diseases, and weed were properly controlled. The same 

approach described in Chapter 3 of the thesis was used to apply the simulated irrigation 

water to the dry bean field.  
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Scenarios Analysis 

The effects of afforestation and deforestation on water resources in the CRW 

were evaluated by comparing total water yield, direct runoff, and baseflow simulated 

using a calibrated watershed model under the land use change scenarios. Then, their 

impacts on dry bean yields were assessed using the calibrated crop model to which 

water availability simulated with the watershed model was provided as input data. Such 

modeling experiments using two different models for the simulation of hydrology and 

crop growth were expected to enable us to explicitly investigate the linkage between the 

upstream watershed and downstream agricultural systems. 

The current land cover condition where 97% of the drainage areas of the CRW 

were covered by savanna was regarded as the baseline in the scenario analysis. Two 

land covers and four spatial distributions were combined to create eight land use 

change scenarios (Table 4-3 and Figure 4-4). For instance, an afforestation scenario, 

so-called a condition “better” than the current land use condition, was represented by 

replacing the savanna with woods in good condition that are protected from grazing, 

and litter and brush adequately cover the soil in the SWAT modeling (Neitsch et al., 

2011). On the other hand, a deforestation scenario – a condition “worse” than the 

present land cover (savanna) – was described using a pasture, grassland, or range in 

poor condition where the ground cover was less than 50% or heavily grazed with no 

mulch in the modeling (Neitsch et al., 2011). 

The spatial distributions of land cover changes were determined assuming that 

the changes (afforestation or deforestation) may begin in areas closer to people who 

live in the watershed (Figure 4-1). In the study area, most populations live close to their 

farms located downstream of the CRW outlet or dam. Thus, in the scenario analysis 
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sub-basins closer to the outlet were assumed to experience the land cover changes 

first. For instance, the total area of Sub-basins #13 and #21 through #25, whose 

combined savanna areas correspond to 25% of the total savanna areas of the CRW, 

were selected to represent the 25% land use change scenario. The 50% scenario 

additionally included Sub-basins #10, #11, #12, #18, and #20, and Sub-basins #4, #6, 

#9, #14, #16, #17, and #19 were added to the 50% scenario to develop the 75% 

scenario. 

Results 

Streamflow Monitoring 

The streamflow discharge of the CRW showed large temporal variations over the 

monitoring periods from August 2018 to April 2019 (Figure 4-5). The average flow was 

1.7 m3 s-1 with a standard deviation of 1.3 m3 s-1 and a peak of 8 m3 s-1 on October 16. A 

baseflow separation implemented using the BFlow model showed that baseflow 

contributes 70% of the streamflow (Arnold et al., 1995; Arnold & Allen, 1999). The R-B 

flashiness indices calculated (0.12) for the streamflow confirmed that the baseflow was 

the principal source of surface water (Chapter 3). 

Watershed Model Evaluation 

The model evaluation results are provided in Tables 4-4 and 4-5 and Figure 4-6. 

In Table 4-4, the calibration parameters are placed in the order of the daily streamflow 

simulation sensitivity to them. In the sensitivity analysis implemented using SWAT-CUP, 

groundwater delay (GW_DELAY) was identified as the most critical parameter followed 

by groundwater recharge to deep aquifer (RCHARG_DP), depth of water for return flow 

(GWQMN), groundwater evaporation coefficient (GW_REVAP), curve number (CN2), 

average slope length (SLSUBBSN), surface runoff lag coefficient (SURLAG), and 
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available water capacity of the soil layer (SOL_AWC). Similar parameter value ranges 

were identified from the use of two different objective functions (NSE and KGE), 

presumably because both statistics are typically responsive to large values (Equations 

4-3 and 4-4). For instance, critical parameters including GW_DELAY, CN2, and 

SURLAG had similar value ranges to the calibration experiments implemented using the 

two objective functions. Under a GLUE framework, a single parameter set could be 

selected among several sets of parameters identified to provide acceptable 

performance statistics (NSE greater than 0.5 and PBIAS smaller than ±15%) in the 

model calibration (Moriasi et al., 2015). The chosen parameter set would then be 

incorporated into the SWAT model to create a representative watershed model for the 

following scenario analysis. This study selected a parameter set that provided the 

largest value of NSE that has been commonly used in hydrologic model calibration 

(Moriasi et al., 2015).The full differential calibration and validation strategy was 

employed to improve the representativeness of a calibrated model (Table 4-5). In both 

the FCT and the SCT the use of NSE and KGE as the objective functions provided 

model performance statistics similar to each other, and they were greater than the 

acceptable threshold values (i.e., greater than 0.5 for NSE and less than ±15% for 

PBIAS). The differences between performance statistics including NSEs, KGEs, and 

PBIASs obtained from FCT and SCT were not significant, but the PBIAS values showed 

that parameter sets identified from SCT consistently overestimated or underestimated 

the total flow volume in the calibration and validation periods when using both objective 

functions. 
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An outlier was identified during the evaluation of the calibration period (Figure 4-

6a). The outlier can be explained by the uncertainty and errors in the rainfall data used 

in the model calibration and validation. The depth of rainfall on 10/15/2018 and 

10/16/2018 was 0 mm according to the UHM, but high flow discharges of 7.58 cm3 s-1 

and 8.02 cm3 s-1 were observed, respectively. Such a comparison demonstrates the 

impacts of uncertainty and errors in the rainfall records of the local weather station on 

the watershed modeling. However, the sum of rainfall depths recorded from 10/02/2018 

to 10/16/2018 was 136 mm, the total observed flow was 84 mm for the same period, 

and the runoff ratio of 0.6 seems reasonable when considering that October is in the 

middle of a wet season. Such comparisons between the rainfall records and runoff 

observations show that the local rainfall data might not capture the timing of a rainfall 

event but it might be able to show the overall amount of long-term rainfall. Additionally, 

the local weather station is located approximately 10 km to 13 km away from the 

watershed; thus, the spatial variation of rainfall depths in the region may lead to 

additional uncertainty in the rainfall data used for the model calibration and validation. 

Despite this uncertainty, the model was able to catch the flow dynamics of the river 

since the simulated flow covers the variations of the observed flow overall (except those 

observed on 10/16/2018). 

Parameter sets calibrated to one of the two pairs of wet and dry periods (Wet2-

Dry1) consistently provided higher NSE and lower KGE values compared to parameter 

sets calibrated to the other pair (Wet1-Dry2) in both calibration trials (Table 4-5). Such 

calibration results indicate that even though both objective functions are known to be 

sensitive to large values, KGE is more responsive to small values such as baseflow 
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between storm events than NSE is (Gupta et al., 2009). The results also indicate that 

the model relatively accurately predicted direct runoff or high flow in the Wet2-Dry1 

period compared to the other period (Table 4-5 and Figure 4-6). In both periods the 

baseflow was relatively accurately reproduced by the model compared to the high flow 

(Figure 4-6). Overall, the model performance was satisfactory or acceptable in 

simulating the daily water discharge of the CRW in terms of NSE, R2, and PBIAS (Ritter 

& Muñoz-Carpena, 2013; Moriasi et al., 2015). 

Scenario Analysis 

Compared to the baseline, the “worse” land use change scenario increased 

direct runoff by 30% to 113% and decreased baseflow by 7% to 28% on an annual 

basis depending on the size of the changes (W25 to W100; Table 4-6 and Figure 4-7). 

The changes in direct runoff and baseflow were canceled out by each other so that the 

total water yield did not change substantially (0.7% to 2%). In the case of the “better” 

scenarios, on the other hand, compared to the baseline, direct runoff decreased by 9% 

to 32% while baseflow increased by 2% to 9%. The “better” scenario also decreased the 

flow variability and increased the flow stability (the flashiness index decreased from 0.05 

to 0.04 for 2017 and 0.1 to 0.08 for 2018 (Figure 4-7)). The total water yield increased 

by 0.1% at an annual scale compared to the current condition, and it increased by 2% to 

8% in the dry season from December to March because the baseflow accounts for 

approximately 70% of the total streamflow. In contrast, for the same reason under the 

“worse” land cover condition the water yield decreased by 6% to 24% in the dry season. 

Such findings are supported by previous studies that have related land use changes to 

changes in direct runoff and baseflow (Belmar et al., 2016; Gashaw et al., 2017, 

2018).Streamflow discharges simulated for the dry bean growing season from 
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December to March were incorporated into the CSM-DSSAT-CROPGRO Dry Bean 

model to see the impacts of the land cover change scenarios on dry bean yield. The 

crop modeling experiment showed that the “worse” scenarios would decrease the 

amount of water available and thus dry bean yield by 7% to 23% using the NASA 

POWER rainfall data set (Figure 4-8a). The model predicted that the “worse” scenarios 

decreased the yield by 11% to 35% using the CHIRPS rainfall data set (Figure 4-8b). 

On the other hand, the “better” scenarios increased the dry bean yield by 3% to 10% 

(NASA POWER) and by 3% to 13% (CHIRPS) by increasing total streamflow during the 

dry period. The relative increase of the yield followed the same overall trend as the 

forestation scenarios (Figures 4-8) while the simulated values for the “worse” condition 

showed a consistent decrease in the yield with the increase of the poor land cover 

condition. Such results demonstrate that water availability is critical to crop production in 

the study areas, suggesting that watershed land use management can improve crop 

production by helping to secure irrigation water.  

Discussions 

The model was calibrated to observed daily streamflow, and 16 parameters were 

selected for the calibration based on an understanding of the parameters and 

streamflow sensitivity to them in the study watershed. In the sensitivity analysis, 

parameters related to the groundwater processes were identified as critical, which 

corresponds to the fact that baseflow contributes approximately 70% of the total 

streamflow. The CN2s were substantially reduced (by 25%) to allow the soil layers and 

shallow aquifer to quickly replenish soil water and groundwater during rainfall events, 

respectively. A long groundwater discharge delay time (18.2 days of GW_DELAY) and a 

low groundwater “revap” coefficient (0.03 of GW_REVAP) identified in the parameter 

better#Figure48
better#Figure48
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calibration confirm that groundwater processes have a dominant role in watershed 

hydrology. The importance of groundwater creates more interest in developing 

forestation programs for the study areas since the afforestation (or “better”) scenario 

would generate more baseflow, which is more stable than direct runoff, and thus 

increases water availability, especially during the dry seasons. Such findings 

demonstrate the effectiveness of a forestation effort for Haitian mountainous areas. 

Data quantity and quality were two significant challenges in the model 

preparation, especially for a study area in a developing country. The limited amount of 

streamflow data did not allow for comprehensive investigation of the applicability of the 

watershed model and reduce its uncertainty. The study areas are characterized by 

mountains and hills, which are known to increase the spatial variability of rainfall 

(Buytaert et al., 2006; Stefanidis & Stathis, 2018). The rainfall data were collected from 

a weather station located 13 km away from the watershed, and the characteristics of 

orographic precipitation, which is common in mountainous watersheds like the CRW, 

might not be precisely captured by the station data. Other weather variables including 

solar radiation, wind speed, relative humidity, and minimum and maximum temperature 

were not available from the station; thus, they were retrieved from a satellite-based 

estimate such as the NASA POWER project database (Stackhouse et al., 2018). The 

most recent official land cover data available for the study areas were prepared in 1998. 

Since then, changes might have happened in the watershed. Additionally, definitions of 

“savanna” can be different by databases (for SWAT and for CNIGS) in terms of the 

densities and proportions of trees and grasses. A land cover type can be difficult to 

quantitatively and precisely define. For instance, “savanna” in the SWAT database may 
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not be the same as the CNIGS definition. The vagueness of land cover classes may 

also have contributed to the modeling uncertainty. Furthermore, the soil data used in the 

modeling experiment was derived from the global-scale soil database FAO-UNESCO 

(FAO, 2003), which was prepared at a coarse resolution (1:5,000,000). Thus, it may not 

precisely represent the actual conditions of local soils and their spatial variations at the 

watershed scale, which might have added additional uncertainty to the modeling. Such 

epistemic uncertainty sources including limited quantity and quality of observations (flow 

measurements and rating curves), the lack of local rainfall observations, the categorical 

vagueness, scale issues, limited understanding of the watershed model used, and the 

limitation of the watershed model used would have affected the results of the modeling 

experiments. However, we left the uncertainty issue for another study and focused on 

estimating the potential impact of the land use changes in this study. 

The afforestation (or “better”) scenario increased total water yield and reduced 

direct runoff, which corresponds to other studies that have reported that the forest 

coverage can improve infiltration capacity, facilitate groundwater recharge, and then 

increase water availability in the dry seasons (Ilstedt et al., 2016; Filoso et al., 2017). 

This finding is also supported by the previous studies that investigated the interactions 

between land use and hydrology (Wilk & Hughes, 2002; Zhang et al., 2012; Neupane et 

al., 2015; Marhaento et al., 2017). The “worse” scenario showed a 113% average 

increase in direct runoff during the two years of simulation but decreased the total water 

yield in the dry bean growing season (or dry period) between December and March. On 

the other hand, baseflow and total water yield increased in the dry period under the 

“better” scenario. Similar results have been presented by Sun et al. (2005), Belmar et al. 
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(2016), and Gashaw et al., (2017), who have found that the forest areas had a 

stabilizing effect on the flow regime by increasing baseflow. Gebremicael et al. (2019) 

also found that forested or vegetated areas decreased wet season flow and increased 

dry season flow while bare land areas did the opposite. 

The crop model CSM-DSSAT-CROPGRO Dry Bean helped in the assessment of 

afforestation and deforestation impacts on the water availability and dry bean yield 

responses. The crop modeling showed that forestation could improve dry bean yield by 

providing more irrigation water to the downstream agricultural areas. It also showed a 

noticeable decrease in the yield under the deforestation scenarios. The predicted 

changes in dry bean yields were expected since the previous study discussed in 

Chapter 3 demonstrated that water stress was a limiting factor for the growth of dry 

beans. Many other factors can affect crop growth, but the planting dates, weather, and 

management practices remained the same as those of the baseline; water availability 

was considered the only limiting factor in the modeling experiment.  

Past studies conducted in Haiti have not shown the connection between crop 

yield and land use changes. In this context it was necessary to identify models that 

could help simulate both hydrological processes and crop growth. Two different models 

were selected to estimate the dry bean responses to land use scenarios. Integrating the 

two models (SWAT and CSM-DSSAT-CROPGRO) was useful in the sense that the 

hydrologic model enabled the simulation of streamflow available from the watershed 

system, and the CSM-DSSAT-CROPGRO Dry Bean model allowed the integration of 

the different amounts of water available from land use change scenarios (simulated by 

the SWAT model) to estimate the responses of dry bean yield to the changes. In the 
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end, integrating the two models for this study made it possible to explore the linkage 

between the crop yield and land use changes (afforestation and deforestation), which 

provided strategic insights for management practices. This linkage is vital to understand 

in regions where the upstream watershed is the major source of irrigation water. 

Conclusion 

This study investigated the effects of upstream afforestation and deforestation on 

downstream water availability and crop production in a study area in Haiti using 

watershed and crop models. In the absence of one model to simulate both hydrology 

and crop yield, this study integrated the SWAT model and the CSM-DSSAT-CROPGRO 

Dry Bean model. Both models were calibrated to streamflow monitoring and dry bean 

growth data, and the calibrated models were used to quantify the impacts of the land 

cover changes on water resources and crop production in the Haitian watershed and 

agricultural systems. The modeling experiment results showed that afforestation can 

help to secure stable water resources and thus improve crop production in the study 

areas. On the other hand, deforestation made the watershed and agricultural system 

vulnerable to drought by decreasing streamflow, especially baseflow in dry or growing 

seasons. Such results emphasize the importance of watershed and forest planning and 

management and suggest that at least the current conditions should be maintained to 

avoid severe negative impacts on crop production. The limited quantity of quality data 

and observations prevented this study from fully investigating the uncertainty of the 

modeling experiments, highlighting the role of field monitoring and measurements and 

suggesting a long-term investment in obtaining fundamental data, especially in 

developing countries. This study also clearly demonstrated the connections between 

land use and agricultural irrigation systems, which suggests integrated functional and 
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management approaches for efficient agricultural resource management. These 

findings represent a significant contribution to the betterment of watershed and crop 

management by agricultural managers, farmers, and governmental and non-

governmental institutions involved in decision-making in Haiti. 
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Table 4-1.  Input data for watershed modeling. 

Data Source Format 
Scale or 
Resolution 

Date 

DEM1 USGS3 Raster 30-m resolution 2000 
LULC2 CNIGS4 Polygon 1:100,000 1998 
Soil FAO5-UNESCO6 Raster 1:5,000,000 2003 

Weather 
UHM7  Tabular data - 2014–2019 
NASA8 Raster 0.5o × 0.5o 2014–2019 

 CHIRPS Raster 0. 05o × 0.05o 2014–2019 
Streamflow Measured Tabular data - 2018–2019 

1 DEM: digital elevation model. 2 LULC: land use and land cover. 3 USGS: U.S. Geological Survey. 4 

CNIGS: Centre National de l’Information Geo-Spatial. 5 FAO: Food and Agricultural Organization. 6 

UNESCO: United Nations Educational, Scientific and Cultural Organization.7 UHM: Unité Hydro-

Météorologique. 8 NASA: National Aeronautics and Space Administration. 

 

 
 
Figure 4-1.  Location of the study areas including the CRW and dry bean irrigation 

areas. 
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Table 4-2.  SWAT Soil and water assessment tool parameters for streamflow 
calibration. 

Parameters Description 
Variation 
Method 

Ranges 
Min Max 

SOL_AWC 
Available water capacity of the soil layer 
(mm/mm) 

r1 -0.25 0.25 

SOL_K Saturated hydraulic conductivity (mm/hr.) r 0.25 0.25 
SLSUBBSN Average slope length v2 10.00 150.00 
HRU_SLP Average slope steepness r -0.50 1.00 

CN2 
Soil Conservation Service runoff curve 
number 

r -0.25 0.25 

SURLAG Surface runoff lag time v 0.05 24.00 
GW_REVAP Groundwater evaporation coefficient v 0.02 0.20 
ALPHA_BF Baseflow alpha factor (days) v 0.00 1.00 
GW_DELAY Groundwater delay time (day) v 0.00 500.00 
REVAPMN Depth of water for evaporation (mm) v 0.00 500.00 

GWQMN Depth of water for return flow (mm) v 0.00 
5,000.0
0 

RCHRG_DP Deep aquifer percolation fraction v 0.00 1.00 

CH_K2 
Effective hydraulic conductivity in main 
channel alluvium (mm/hr.) 

v 0.01 150.00 

OV_N Manning's “n” value for overland flow v 0.01 30.00 
ESCO Soil evaporation compensation factor v 0.01 1.00 
EPCO Plant uptake compensation factor v 0.01 1.00 

1r: multiplied by value (%). 2v: replaced by value. 

 

 
Figure 4-2.  Long-term average monthly rainfall, solar radiation, and temperature from 

CHIRPS data for Arcahaie, Haiti (1981–2017). 
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Table 4-3.  Land use change scenarios. 

Land Cover Type 
Scenarios 

Spatial Distribution Scenarios 
25% 50% 75% 100% 

Worse W25 W50 W75 W100 
Better B25 B50 B75 B100 

 

 
 
Figure 4-3.  Overall procedures of investigating the dry bean and runoff responses to 

the land use changes in the watershed system. 
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Table 4-4.  Watershed model parameters calibrated using NSE and KGE as the 
objective functions. 

Parameters 
Fitted Values 
(NSE) 

Fitted Values 
(KGE) 

Value Ranges (NSE) Value Ranges (KGE) 

Min Max Min Max 

GW_DELAY 18.200 17.300 7.000 85.800 0.000 79.000 
RCHRG_DP 0.200 0.055 0.080 0.482 0.027 0.313 
GWQMN 1750 125.000 0.000 903.000 0.000 780.000 

GW_REVAP 0.026 0.207 0.023 0.070 0.164 0.217 
CN2 -0.247 -0.249 -0.250 -0.159 -0.250 -0.133 
SLSUBBSN 95.100 92.000 92.100 131.000 48.800 104.000 
SURLAG 13.100 9.730 11.900 16.300 9.340 17.300 
SOL_AWC -0.142 0.109 -0.144 -0.050 0.064 0.209 
HRU_SLP 0.0730 0.717 -0.044 0.239 0.410 0.805 
SOL_K -0.173 0.003 -0.181 -0.043 -0.088 0.067 
CH_K2 71.500 72.600 62.700 97.600 43.600 85.300 
ALPHA_BF 0.561 0.601 0.555 0.829 0.414 0.643 
OV_N 28.400 28.800 24.600 30.000 24.900 30.000 
ESCO 0.219 0.707 0.133 0.298 0.654 0.858 
EPCO 0.274 0.536 0.116 0.571 0.361 0.711 

REVAPMN 105.000 346.000 2.000 115.000 302.000 434.000 

 

 
Figure 4-4.  The spatial distributions of the sub-basins in the CRW. 



 

108 

Table 4-5.  Evaluation of the model performance. 

Performance Statistics 
First Calibration Trial 

Using NSE as OF Using KGE as OF 
Calibration Validation Calibration Validation 

NSE 0.67 0.65 0.56 0.63 
R2 0.69 0.65 0.63 0.68 
PBIAS (%) 11.90 -1.10 4.50 -7.70 

Performance Statistics 
Second Calibration Trial 

Using NSE as OF Using KGE as OF 
Calibration Validation Calibration Validation 

NSE 0.69 0.62 0.65 0.57 
R2 0.69 0.67 0.69 0.58 
PBIAS (%) -3.50 -6.20 0.20 4.00 

The FCT was conducted using streamflow observations made in the W2 and D1 periods for calibration 
and the W1 and D2 periods for validation. The SCT was conducted using streamflow observations made 
in the W1 and D2 periods for calibration and the W2 and D1 periods for validation. NSE: Nash and 
Sutcliffe efficiency, KGE: Kling-Gupta efficiency, OF: objective function, and PBIAS: percentage of bias. 

 

 
 
Figure 4-5.  Streamflow hydrographs measured at the outlet of the watershed system 

(or the Courjolle River) from August 2018 to March 2019. The baseflow was 
separated from the total runoff using the BFlow method, and precipitation was 
recorded at a local weather station close to the study areas. 
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Table 4-6.  Streamflow hydrograph components simulated with the land cover change 
scenarios. 

“Better” land cover change scenario 

Month 
Total Water Yield (%) Baseflow (%) 
B25 B50 B75 B100 B25 B50 B75 B100 

Dec 1.9 3.7 5.3 6.8 1.9 3.7 5.3 6.8 
Jan 2.3 4.3 6.6 8.6 2.3 4.3 6.6 8.6 
Feb 1.8 3.6 5.4 7.2 1.8 3.6 5.4 7.2 
Mar 1.5 3.1 5.2 6.7 1.5 3.1 5.2 6.7 

“Worse” land cover change scenario 
 

Month 
Total Water Yield (%) Baseflow (%) 
W25 W50 W75 W100 W25 W50 W75 W100 

Dec -6.2 -12.2 -18.3 -24.0 -6.2 -12.2 -18.3 -24.0 
Jan -7.6 -15.1 -23.4 -30.9 -7.6 -15.1 -23.4 -30.9 
Feb -5.4 -9.9 -14.4 -18.0 -6.8 -13.1 -20.7 -27.0 
Mar -6.2 -12.4 -18.6 -24.7 -6.2 -12.4 -18.6 -24.7 

 

 
 
Figure 4-6.  Soil and water assessment tool model evaluations using the FITEVAL 

package: (a) calibration and (b) validation. US: unsatisfactory, AC: 
acceptable, GD: good, and VG: very good. 
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Figure 4-6.  Continued. 
 

 
Figure 4-7.  Comparison of temporal variations in streamflow (total runoff) hydrographs 

simulated with the land cover change scenarios at 100% coverage. (a) 
simulated flow (mm), (b) simulated direct runoff (mm), (c) simulated baseflow 
(mm), and (d) simulated daily flow (cm3 s-1). 
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Figure 4-7.  Continued. 
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Figure 4-8.  Comparison of the yield variations simulated by the CSM-DSSAT-

CROPGRO Dry Dean model for each land use scenario where B and W 
represent the “better” and “worse” land covert types, respectively. 25, 50, 75, 
and 100 represent the percentage of change in the land cover. (a) Using the 
NASA POWER rainfall data set and (b) using the CHIRPS rainfall data set. 

 

 



 

113 

CHAPTER 5 
SUMMARY AND CONCLUSION 

The overarching goal of this study was to understand the relations between the 

watershed system and agricultural production in the Courjolle irrigated perimeter at 

Arcahaie, Haiti using dynamic models. To accomplish this goal, the CRW was selected 

as the study area to represent the watershed and agricultural conditions of Haiti. The 

streamflow of this river was then monitored to determine the temporal variation of water 

availability. A cropping system model (the DSSAT-CROPGRO Dry Bean model) was 

calibrated for the yield to evaluate the responses of agricultural productivity to water 

availability (Chapter 3). Additionally, the SWAT model was calibrated to streamflow to 

investigate the hydrological responses of the watershed to the land use changes and 

the impacts on dry bean production (Chapter 4). The calibrated CSM-DSSAT-

CROPGRO Dry Bean model provided acceptable agreement with observed dry bean 

anthesis, physiological maturity, and yield. The crop model predicted that agricultural 

productivity was significantly limited by the temporal variations of the watershed 

hydrology and planting earlier (in October or November) would increase the yield 

significantly. The simulated results of integrating SWAT and the CROPGRO Dry Bean 

models demonstrated that improvement in the watershed land cover affected the water 

availability and consequently increased the agricultural productivity.  

Implications of the research and future work. The whole study demonstrated 

the linkage between the watershed and agricultural systems in Haiti and how the 

agricultural water availability responded to the changes in land cover conditions. As a 

first study in terms of modeling crop growth and hydrology in the Haitian environment, 

these models could provide useful information to the institutions in charge of defining 
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water and crop management strategies for both systems. Based on the results of this 

thesis, larger scenarios of strategic management practices could be tested. 

Implementation of these findings requires the involvement of the different stakeholders 

who are in charge of the management of the systems: (1) the officials by voting in laws 

to regulate the watershed management (to control the deforestation) and having money 

to fund the elaboration and implementation of watershed afforestation programs, (2) the 

agricultural managers by developing and implementing effective, strategic and feasible 

watershed afforestation programs in Haiti, and (3) farmers by receiving special training 

that will help them to improve their production and not cutting down the available trees 

in the upstream watershed areas. However, the study has some room for 

improvements. The performance of the CSM-DSSAT-CROPGRO Dry Bean model 

needs to be improved by calibrating and validating it with more experimental data from 

other years and other fields in the region. Additionally, SWAT model accuracy must be 

improved by using more extended flow data for the calibration to simulate the water 

discharge in the low flow period. In this context, the weather, soil, and land use data 

quality must be enhanced by (a) installing weather stations in the study watershed to 

obtain more accurate rainfall data, (b) continuing the discharge monitoring to create a 

more extended period of streamflow data, (c) using updated land cover data during the 

model calibration procedures. 
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