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ARTICLE INFO ABSTRACT

The effectiveness of agricultural productivity is dependent on the availability of ambient natural resources as
well as on the efficiency of on-site management practices. The overall understanding of a production system can
help with finding management options that enable for the available resources to be used more efficiently and
thus improving productivity. We investigated the response of dry bean (Phaseolus vulgaris L) yield to water
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DSSAT . availability in an irrigation district controlled by off-site hydrology to show how integrated knowledge can
Watershed monitoring X . . . .
Haiti benefit agricultural production. This study focused on an agricultural system where an upstream watershed

provided water for dry bean production in its downstream irrigation district in Haiti. Dry bean growth was
mathematically represented using the Cropping System Model (CSM)-CROPGRO-Dry bean model of the Decision
Support System for Agrotechnology Transfer (DSSAT). The upstream runoff was measured to quantify irrigation
water availability changes over time. The cultivar parameters of the dry bean model were calibrated to minimize
differences between simulated and observed dry bean growth and yield. The model was then used to determine
long-term dry bean response to water availability scenarios, including fifteen combinations of five growing
periods and three irrigation conditions. The results showed that dry bean productivity was closely associated
with the upstream watershed hydrology and that growing dry bean earlier than the standard management
scenario (December to March) increased predicted dry bean yield by over 80 % with the available water re-
sources and associated temporal variability. These findings indicate that an integrated systems approach could
improve dry bean production by identifying alternative management practices to use the available water more
efficiently.

1. Introduction hydrological processes such as runoff generation and transport, and

their spatial-temporal variability. Therefore, agricultural production

Limited water availability is one of the critical challenges that
farmers face in developing countries such as Haiti (Laraus, 2004;
Molnar et al., 2015; Yang and Zehnder, 2002). At a global scale, the
agricultural sector is the largest user of freshwater resources, with
surface water that is readily accessible but highly variable in time and
location as the main source for irrigation in many areas (Dieter, 2018;
FAO, 2017, 2011; OECD, 2017; Stubbs, 2016; Winter et al., 1998). The
availability of surface water for irrigation depends on precipitation,
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and productivity are directly impacted by surface water hydrology
(McNider et al., 2015; Wallender and Grismer, 2002). For instance,
there is insufficient water for farmers to grow dry bean (Phaseolus
vulgaris L) during the growing season (December to March) since the
source of irrigation, i.e., streamflow, is limited during this season in
Haiti. In addition, agricultural decisions such as the planting date are
frequently determined without the guidance of scientific studies and
practical evidence (Alvarez and Nuthall, 2006; McCown, 2002;
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Shackelford et al., 2019). This traditional management practice might
be the result of a balance among various factors, including rainfall,
temperature, and workability that influence crop growth and manage-
ment, but the trade-offs have not been explored sufficiently to guide
management practices for improved efficiency of agricultural man-
agement.

Several studies have shown that the fluctuations in crop production
are often due to the variability in rainfall and extreme events such as
drought and flooding (Gornall et al., 2010; Guan et al., 2015; Olayide
et al., 2016). In Haiti, for instance, downstream agricultural areas are
closely connected to upstream areas, creating a unique rural landscape
along the coastal lines. The mountainous catchments serve as the source
of irrigation water for low-lying crop areas, thus water collected from
upstream plays a critical role for agricultural production. In this in-
terconnected system an understanding of watershed hydrology is es-
sential for improved crop production. However, the connection be-
tween two areas, upstream mountainous catchment and downstream
agriculture, has not been studied sufficiently to guide watershed man-
agement practices for improved sustainability of agriculture.

Integrated knowledge and a system approach are instrumental in
improving the efficiency of managing natural resources (Brodt et al.,
2011; Duan et al., 2018; ICID, 2017; Nepal et al., 2014; Sayer and
Cassman, 2013; Yoon et al., 2015). An understanding of the relation-
ship between upstream and downstream areas is necessary for efficient
resource management such as flood control, water quality improve-
ment, and biodiversity (McNider et al., 2015; Wallender and Grismer,
2002; Wang et al., 2016). From a holistic point of view, the lack of
water in an upstream watershed may reduce agricultural production in
a downstream area. Past studies have shown that forested areas could
stabilize the flow regime by increasing the baseflow, which would in-
crease water availability during the dry period (Belmar et al., 2016;
Gashaw et al., 2017; Sun et al., 2005). Similarly, Gebremicael et al.
(2019) found that forested areas increased dry-season streamflow and
decreased wet-season flow while deforested areas had the opposite ef-
fect on streamflow. The decrease in crop production can then lead to
farmers finding other sources of income by harvesting timber in the
upstream watershed, which reduces the number of trees (or forest
areas) in the water source area and then decreases water availability to
the downstream area and thus agricultural productivity. However, this
results in a vicious cycle; implementing agricultural management
practices to increase productivity with limited water can reduce the
occurrence of such negative feedback cycles.

The overall goal of this study was to investigate the linkage between
upstream, i.e., the source of irrigation water, and downstream agri-
cultural areas to provide the information required to make efficient
management decisions for improved crop production. The specific ob-
jectives of this study were (1) to assess the temporal variation of water
available for the dry bean growing season, (2) to evaluate the crop
genetic coefficients for the CSM(cropping system model)-CROPGRO-
Dry bean model, and then (3) to determine dry bean response to water
availability for different growing season and irrigation practices. This
study also discussed the implications of the results and their limitations
associated with the quality and quantity of data used in the modeling
experiment.

2. Methods and materials
2.1. Study areas

The Arcahaie region (18° 55’ 00” N and 72° 33’ 20” W) is located
41 km northwest from the capital of Haiti, Port-au-Prince (Fig. 1). The
Courjolle River is one of the rivers that flows from the mountainous
watersheds (north) to low-lying coastal areas (south) in the region. The
Courjolle River watershed is characterized by hills and mountains with
high elevation, draining water from 80km? to its downstream agri-
cultural areas. A geospatial analysis with the 30-m Shuttle Radar
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Topography Mission (SRTM) digital elevation model (DEM) obtained
from the United States Geological Survey (USGS, 2019) showed that the
elevation of 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 I'Information Géo-Spatiale (CNIGS), the watershed is
mostly covered by savanna (95 %) with dense forestry (2 %) and other
unclassified plants (3 %). The soil in the watershed has been char-
acterized as silty clay loam, sandy loam, and clay loam (FAO-UNESCO,
2003).

Fig. 1. The watershed and agricultural system of this study located
in Arcahaie, Haiti. The land use and Haiti boundary data were obtained
from the CNIGS, Haiti.

The upstream watershed and downstream agricultural areas are
connected by a concrete dam known as the Courjolle River dam, which
is used to provide water to the downstream irrigation areas and the dry
bean fields (Fig. 1). The water, controlled by gates, is diverted into two
primary canals that pass through the irrigation areas. Dry bean is grown
from December to March and irrigated with water discharged from the
Courjolle River. In the irrigated areas, the dry bean fields are flooded
using a furrow method, which is subject to water losses by evaporation,
infiltration, and percolation. The irrigation canals are not well main-
tained, which exacerbates the losses during the water transport process.

The climate of the Arcahaie region is classified as a tropical wet-dry
climate (Aw) according to the Koppen classification, which is char-
acterized by distinct wet and dry seasons and precipitation occurring
during the summer season (Peel et al., 2007). The mean annual rainfall
is 928 mm based on historical records from 1981 to 2017 (Dinku et al.,
2018; Funk et al., 2015). The region has two distinct wet periods, April
to June and August to November, while the air is relatively dry between
December and February (Fig. 2). The average annual temperature from
1984 and 2018 was approximately 27.9 °C. August and January are the
warmest and coolest months, with an average temperature of 29.6 °C
and 26.2 °C, respectively (Fig. 2) (Maldonado et al., 2019).

Fig. 2. Long-term average monthly rainfall, solar radiation, and
temperature from NASA POWER (1984-2018) daily data for Arcahaie,
Haiti. The error bars represent the variability of the monthly rainfall
and temperatures over the 34 years.

The dry bean 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 other cereals (Siddiq et al., 2010). Dry bean is
also important to the Haitian population as a source of iron and as part
of traditional Haitian dishes (FEWS NET, 2018). However, there is high
variability in reported dry bean yield. According to FAO Statistics, dry
bean yield in Haiti ranged from 400 kg ha™ in 1961 to 697 kg ha™ in
2017 (FAO, 2019). A survey conducted by the Ministry of Agriculture in
2013 showed a higher yield ranging from 1500 to 2000 kg ha™ com-
pared to the FAO Statistics (Inozile, 2016). In 2016, the Haitian Min-
istry of Agriculture reported an annual dry bean yield of 360 kg ha™* for
the western and 450 kg ha™ for the northeastern region of Haiti (USAI/
MARNDR, 2016), which are 44 % and 51 % of the world dry bean yield
for the same year, respectively (FAO, 2019).

2.2. Dry bean simulation model

2.2.1. Input data

The dry bean model CSM-CROPGRO-Dry bean, which is one of the
crop simulation models of the Decision Support System for
Agrotechnology Transfer (DSSAT; Hoogenboom et al., 2019a, b, 1994;
Jones et al., 2003), was used to mathematically represent dry bean. The
dry bean model simulates plant growth and development, and the soil
and plant water, nitrogen, and carbon biophysical processes, and ulti-
mately predicts crop yield. Previous studies have demonstrated the
capability of the dry bean simulation model to predict the time to
flowering, physiological maturity, and yield components (de Oliveira
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Fig. 1. The watershed and agricultural system of this study located in Arcahaie, Hai

et al., 2012d; Santos et al., 2016). Weather data from NASA Prediction
of Worldwide Energy Resource (POWER) (Stackhouse et al., 2018), soil
data from (Jeune, 2015), and crop management data from unpublished
experiments (Raphael Colbert, personal communication) served as
input data. The model was calibrated and evaluated using experimental
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ti. The land use and Haiti boundary data were obtained from the CNIGS, Haiti.

measurements in the Arcahaie region. The model was then used to
determine the impact of growing season selection and irrigation water
availability on dry bean yield and water use efficiency using the sea-
sonal analysis program of DSSAT (Thornton and Hoogenboom, 1994).
The irrigation and water availability scenarios were developed based on

data that included dry bean growth, development, and yield streamflow discharge hydrographs observed at the outlet of the
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Fig. 3. Overall procedures for evaluating the linkage between the watershed area and irrigation district.

Table 1
Soil characteristics of the dry bean fields in the Arcahaie region, Haiti (Jeune,
2015).

Soil Color
(Munsell)

Depth Silt Clay pH CEC Organic Matter
(cm) %) (%) (cmol/kg) (%)

0-10 54 31 8.0 22.89 291 Pale Red (2.5Y 6/2)

10-22 59 28 7.7 27.50 2.53 Pale Red (2.5Y 6/2)

22-34 56 32 8.0 24.80 2.22 Light Reddish Brown
(2.5Y 6/4)

34-45 58 32 7.6 27.84 1.27 Light Reddish Brown
(2.5Y 6/4)

upstream watershed from August 2018 to April 2019. The overall
procedures for this study are summarized in Fig. 3.

Fig. 3. Overall procedures for evaluating the linkage between the
watershed area and the irrigation district.

Soil data were obtained from a soil survey conducted by Jeune
(2015), which covered the jurisdictional boundaries of the West De-
partment of Haiti, including the Arcahaie region (Table 1). The soil
survey data were used to represent the soil characteristics of the study
area, such as soil texture (percentage sand, silt, and clay), bulk density,
soil organic matter, pH, and the Cation Exchange Capacity (CEC) for
each soil horizon. The soil data were also used to determine some of the
parameters that control the dynamics of the soil water balance of the
crop model (Ritchie, 1998), such as the drained upper limit (DUL), the
lower limit of plant available soil water (LL), and saturated soil water
content (SAT).

Table 1. Soil characteristics of the dry bean fields in the Arcahaie
region, Haiti (Jeune, 2015).

The crop model also requires daily weather data, including pre-
cipitation (mm), minimum and maximum air temperature (°C), and
solar radiation (MJ m?), as input. The weather data were collected
from two different sources: a local weather station and the remotely
sensed rainfall estimates of NASA. The local station is managed by the
Unité Hydro Météorologique (Hydro Weather Unit), which is an au-
tonomous Haitian government unit that works 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. As the weather
data have only been monitored at the local weather station since 2016,
they could not show the long-term trend of weather. Long-term
(1983-2018) 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. The NASA POWER portal provides daily weather data (max-
imum and minimum temperature, rainfall, solar radiation) at a spatial
resolution of 0.5° X 0.5° (Stackhouse et al., 2018); this system provides
agro-meteorological data for the entire globe to compensate for regions
where long-term weather data are not readily available (Maldonado
et al., 2019). The NASA POWER data have shown to be beneficial to
agricultural research (White et al., 2008). Although the remotely sensed

weather data are useful for studies especially in developing countries
where long-term weather observation data are not common, they in-
clude errors as their biases have not been corrected using local ob-
servations specific to the study area, which could be one of the potential
sources of uncertainty in this study.

2.2.2. Crop model calibration and evaluation

Calibration of the crop system model (CSM) refers to the estimation
of crop genetic coefficients (or cultivar-specific parameters) (Boote
et al., 2003; Hunt et al., 2001; Jones et al., 1986; Jones et al., 2011).
The cultivar coefficients define the traits of each cultivar in the DSSAT
modeling ecosystem, and they need to be estimated to represent the
local cultivars or varieties (Buddhaboon et al., 2018; Hoogenboom
et al., 2019b). In this study, nine cultivar coefficients directly associated
with dry bean development and yield were selected for calibration,
including EM-FL (time between plant emergence and flower appear-
ance, R1), FL-SD (time between first flower and first seed, R5), SD-PM
(time between first seed (R5) and physiological maturity (R7)), SLAVR
(specific leaf area of cultivar under standard growth conditions), SIZLF
(maximum size of full leaf, three leaflets), WTPSD (maximum weight
per seed), SFDPUR (seed filling duration for pod cohort at standard
growth conditions), SDPDV (average seeds per pod under standard
growing conditions), and PODUR (time required for a cultivar to reach
final pod load under optimal conditions).

The CSM-CROPGRO-Dry bean model was calibrated using dry bean
growth measurements obtained from field experiments conducted from
2016 to 2018 (Raphael Colbert, personal communication). Detailed
information on dry bean management practices used for model cali-
bration and evaluation is shown in Table 2. The variables measured
during the experiments included: Anthesis date (ADAP), Maturity date
(MDAP), Yield at harvest maturity (HWAM), seed size at harvest ma-
turity (HWUM), and the number of seeds at harvest maturity (no/unit)
(H#UM). The quantity, quality, and uncertainty of the dry bean ex-
perimental data might vary over years; thus, we devised four different
approaches to improve the reliability of the model calibration and
evaluation: (1) aggregate all measurements and then randomly split the
data into two groups for calibration and evaluation (hereafter differ-
ential split-sample test or APP1), which is called APP1-COMB1 when
using the first group of measurements for calibration and the second
one for evaluation and APP1-COMB2 when using the second group for
calibration and the first one for evaluation), (2) use the data collected in
2016 and 2017 for calibration and 2018 for evaluation (APP2), (3) use
the data collected in 2016 and 2018 for calibration and 2017 for eva-
luation (APP3), and (4) use the data collected in 2016 for calibration
and 2017 for evaluation (APP4).

Table 2. Dry bean management practices that were used for model
calibration and evaluation. The initials soil conditions and water ap-
plications were assumed based on the knowledge of local soils and
management practices (data were collected by Raphael Colbert).

The differential split-sample test (APP1) has been implemented to
ensure the reliability of a calibrated model in hydrological modeling,
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Dry bean management practices that were used for model calibration and evaluation. The initials soil conditions and water applications were assumed based on the
knowledge of local soils and management practices (data were collected by Raphael Colbert).

Period Item

Description

Common management to the three experiments Field design

Initial soil conditions

Water Applications
2016 Planting date
Fertilization

2016 - 2017 Planting date
Fertilization
2017 - 2018 Planting date

Fertilization

(1) plant population at sowing date: 16.67 plants m™>
(2) row spacing: 60 cm

(3) planting depth: 4 cm

(1) Previous crop: Dry bean

(2) initial residue root weight: 1 kg ha™

(3) the initial nodule weight: 0 kg ha™

(4) the initial residue Nitrogen: 0.5 %

(5) the initial residue Phosphorus: 0.5 %

(6) the initial available soil water: 50 %

(7) the initial soil Nitrogen: 25 kg ha™

24 mm of water every 8 days

January 4%, 2016

(1) 550kg ha™ of 12-12-20 (12 % of Nitrogen, 12 % of P205, and 20 % of K20)
(2) 228.26 kg ha™ of Triple Superphosphate
December 20", 2016

(1) 130.21 kg ha™ of urea (46-0-0) (46 % of Nitrogen)
(2) 217.8kg ha™ of triple super phosphate

December 21%, 2017

No fertilization applied

but this methodology is not common in crop modeling (Klemes, 1986;
Gao et al., 2020). In addition, common approaches for crop model ca-
libration and evaluation recommend the use of independent field ex-
periment datasets and treatments that have not suffered from either
water or nutrients stresses (Hoogenboom et al., 2019b). However, the
quantity (and quality) of dry bean growth observations varied highly
over the years, which made the split-sample test a potential alternative
to the traditional crop model calibration approaches. For the test
(APP1), dry bean experiment data, including the time to flowering,
physiological maturity, and yield records from the three years of ex-
periments were randomly selected and split into two groups where each
group was comprised of 19 records. The nine cultivar coefficients 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. In this
study, the calibration practices implemented with the first and second
halves of the yield data were denoted as combination 1 and combina-
tion 2 (COMB1 and COMB2), respectively.

The GLUE framework is integrated into the DSSAT crop modeling
system to assist with the estimation of cultivar coefficients (He et al.,
2010, 2009; Jones et al., 2011). In the GLUE procedure, the likelihood
function (Eq. 1) is used to evaluate the agreement between observed
and modeled variables of interest (He et al., 2010).
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where 6; 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(6;) is the model output derived from the parameter set 6;, O is the
observation, O; represents the jth observation of O, o7 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.

Model accuracy is regarded as “excellent” when the Normalized
Root Mean Square Error (NRMSE) is less than 10 % and “good” when
the NRMSE is between 10 % and 20 % (Anar et al., 2019; Jamieson
et al., 1991; Rinaldi et al., 2003). This study identified a parameter set
that provided a lower NRMSE than other parameter sets while ex-
hibiting “good” or “excellent” performance in the evaluation period. In
the study, the relative error statistic (RE) and the NRMSE were calcu-
lated using Equations 2 and 3 (Liu et al., 2012; Willmott, 1982).
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where S;, S, 0;, 0, 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. The other
calibration strategies (APP2, APP3, and APP4) employed the same ob-
jective function in the calibration and evaluation criteria as those of the
APP1 case.

2.3. Scenario analysis

2.3.1. Streamflow

The water availability and irrigation application scenarios were
developed based on the streamflow observations at the watershed
outlet. Streamflow from the Courjolle River was monitored from August
2018 to March 2019. A water level sensor was installed along with a
level staff close to the outlet on August 22, 2018 to record the water
level every minute. The cross-section of the monitoring point and flow
velocity were, on average, measured once a week. Based on the mea-
surements, a rating curve was developed for the Courjolle River and
then used to convert the recorded water levels to daily average dis-
charge.

The baseflow separation was implemented to estimate the con-
tribution of baseflow and direct runoff to the streamflow over time
(Wittenberg, 1999). The recursive filter technique adopted in Baseflow
Filter Program (or BFlow, https://swat.tamu.edu/media/70817/
baseflow2006 -06.zip) was used to separate baseflow from total
runoff (Arnold and Allen, 1999). The baseflow index (BFI), which re-
presents the ratio of baseflow to the total runoff, was calculated to
quantify the contribution of baseflow to the water resources. The Ri-
chards-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 (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) reported that an index of 0.25 for a stream with a watershed
area less than 77.7 km? would be classified in the stable groundwater-
based streams, while the same R-B index (0.25) for a greater watershed
(7770 km?) would be considered as a flashy stream. They also found
that a negative correlation could exist between the R-B Index with the
baseflow and watershed area. During the hydrological monitoring,
streamflow data contained missing values due to sensor malfunction,
sedimentation at the station, and the limited capacity of a data logger
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used. The missing streamflow level data were filled by the linear in-
terpolation of available data.

2.3.2. Irrigation water availability

The daily discharge data obtained from the streamflow monitoring
were converted into the daily volume to quantify the water availability
for the downstream agricultural system as follows:

WA = SD*60*60*24*E

where WA is the amount of water available for irrigation (m® day™), SD
is the observed streamflow discharge (m® s, € is the irrigation effi-
ciency, and 60 and 24 are used as conversion factors from m® s to m®
day '. There are two types of the canal in this region, concrete (or
lined) and earthen canals. The lined canal delivers water from the
watershed outlet (or the dam) to each of the irrigation blocks that
contain multiple dry bean fields. Then, water delivered to the entrance
of each irrigation block is distributed to the individual fields through
the earthen canal networks. In this study, an irrigation efficiency of 50
% was assumed based on the literature and knowledge of the local
conditions (Brouwer et al., 1989). A local dry bean researcher (Raphael
Colbert, personal communication) suggested that typically a 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. The following equation was used to calculate the daily
water availability in the unit of depth (mm) for the dry bean irrigation
scenario:

WA
WAp = —————
Arealrrigation X 10

where WA is daily irrigation water available in mm and Areayyigaiion is
the size of the area that is being irrigated in ha (1800 ha in this study)
(MARNDR, 2012), and 10 is a conversion factor from m? day"1 to mm
day’l. We then calculated the sum of the daily available water (WAp) for
the entire dry bean growing season, which lasts two and a half months.

2.3.3. Planting dates

The planting date for dry bean was determined based on the
knowledge 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 growing season). The
farmers do not sow all seed at the same time due to the limited avail-
ability of seeds and the lack of sufficient labor. The data obtained from
the Ministry of Agriculture of Haiti for the winter bean growing seasons
in 2015 - 2016 and 2016 — 2017 showed 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 were the focus of this study, we assumed that fertilizer was not
limiting and that pests, diseases, and weeds were properly controlled.

Table 3
Planting and irrigation management scenarios.
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2.3.4. Scenario Development

Fifteen water availability and irrigation scenarios were developed
from the combinations of planting dates and irrigation management
practices. Five dates were selected for the planting season scenarios
(i.e., October 15, November 15, December 15, January 15, and
February 15). Three irrigation application scenarios were prepared:
well-irrigated (Unlimited), irrigated under the currently available irri-
gation water (Limited)), and no irrigation water applied (Rainfed). In
the scenario analysis, the water availability for irrigation under the
current (limited irrigation water) condition was estimated from
streamflow monitoring, as previously mentioned. The average length of
a dry bean growing season is two and a half months (or 75 days). Thus,
the amount of available water for irrigation during the growing season
was calculated by summing the daily flow discharge as depth (mm) for
the 75-day period. In the scenarios, dry bean fields were assumed to be
irrigated once every eight days, which is the current water management
practice implemented in the study area.

For the limited irrigation water condition, irrigation water mea-
sured for the 2018 - 2019 growing season was used as a reference to
estimate the amount of water available from rainfall for the other
thirty-five years from 1983 to 2018. The long-term irrigation water
availability could be estimated from a calibrated hydrological model,
which would provide the estimates of streamflow availability from the
upstream watershed considering the watershed dynamics. However,
there is no long-term station-based weather observation (only remotely-
sensed rainfall and temperature estimates are available, such as NASA
POWER rainfall) that can help to provide reliable hydrological mod-
eling and streamflow prediction in this study. Thus, we decided to use a
simple method to estimate the amount of water available for irrigation
from the remotely-sensed rainfall estimates so as to avoid the in-
troduction of unnecessary complexity and associated uncertainty into
analysis results. In the simple method, the streamflow measured for the
2018-2019 growing season was used as a reference runoff and com-
pared with the rainfall data for the same period of measurements to
calculate monthly runoff-rainfall ratios or runoff coefficients (Acinan,
2008; Kadioglu and Sen, 2001; Karamage et al., 2018; Sen and
Altunkaynak, 2006). Then, the ratios were applied to the rainfall data
to estimate the corresponding amount of runoff considered as monthly
water availability for the other thirty-five years to run the long-term
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 (Table 3). The planting dates were
then shifted to one or two months earlier (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 with greater solar radiation and higher

Scenario Number Scenario Name

1 October Unlimited

2 October Limited

3 October Rainfed

4 November Unlimited
5 November Limited

6 November Rainfed
7 December Unlimited
8 (Baseline) December Limited

9 December Rainfed
10 January Unlimited
11 January Limited

12 January Rainfed

13 February Unlimited
14 February Limited

15 February Rainfed

October Unlimited irrigation water (U)
October Limited irrigation water (L)
October Rainfed (R)

November Unlimited irrigation water (U)
November Limited irrigation water (L)
November Rainfed (R)

December Unlimited irrigation water (U)
December Limited irrigation water (L)
December Rainfed (R)

January Unlimited irrigation water (U)
January Limited irrigation water (L)
January Rainfed (R)

February Unlimited irrigation water (U)
February Limited irrigation water (L)
February Rainfed (R)
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Table 4
Summary of dry bean management practices represented in the CSM-
CROPGRO-Dry bean model for the scenario analysis.
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Table 6
Genetic coefficients for the cultivar X-RAV-40 estimated using four calibration
approaches.

Components defined Description

Planting date October 15, November 15, December 15, January 15, and
February 15

(1) Plant population at sowing date (plants/m?): 16.67
(2) Plant population at emergence date (plants/m?):
16.67

(3) Row spacing (cm): 60

(4) Planting depth (cm): 4

No fertilization

(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

Field design

Fertilization
Initial soil conditions

temperature for dry bean growth. In the irrigation scenario analysis, the
amount of water available was assumed to be evenly applied to all dry
bean fields. For the long-term dry bean growth simulation, the in-
formation of dry bean management practices was compiled from local
growers and researchers (Table 4).

In the case of the unlimited irrigation water scenarios, the amount
of water supplied for irrigation was determined based on soil moisture
simulated using the calibrated CSM- CROPGRO-Dry bean model. The
soil profile was set to be fully refilled to its water-holding (or field)
capacity within the depth of 30 cm (root zone) whenever the soil water
content became equal to or less than 80 % of the capacity regardless of
the water availability (Lopez et al., 2017). The rainfed scenarios as-
sumed that no irrigation water was available or applied. Two such
extreme scenarios, unlimited irrigation water (U) and rainfed (R), were
introduced to demonstrate the yield response to irrigation in the study
areas.

3. Results and discussion
3.1. Crop model calibration and evaluation

The performance of the calibrated CSM-CROPGRO Dry-bean model
in predicting anthesis, maturity, and yield for dry bean was evaluated in

Parameters Range'®  APP1- APP1- APP2 APP3 APP4
CcoMB1M COMB2'?

EM-FL! 20-35 31.4 32.1 309 332 308
FL-SD? 6-13 12.3 10.4 125 104 7.3
SD-PM?® 14-29 14.9 16.0 145 151 17.8
SLAVR* 250-350 255 302 280 256 304
SIZLF® 133-180 140 135 139 141 138
WTPSD® 0.22-0.66 0.36 0.24 0.54 0.31 0.24
SFDUR’ 11-22 21.9 21.2 21.4 208 119
SDPDV® 2-5 4.77 3.80 3.78 327 3.33
PODUR® 4-16 15.4 15.6 159 158 4.37

1Time between plant emergence and first flower (R1) (photothermal days); 2
Time between first flower and first seed (R5) (photothermal days); 3 Time be-
tween first seed (R5) and physiological maturity (R7) (photothermal days); 4
Specific leaf area under standard growth conditions (cm?/ ¢); > Maximum size of
full leaf (three leaflets) (cm?); ® Maximum weight per seed (g); 7 Seed filling
duration for pod cohort at standard growth conditions (photothermal days); &
Average seed per pod under standard growing conditions (#/pod); ° Time re-
quired for a cultivar to reach final pod load under optimal conditions (photo-
thermal days); '° The range for the genetic coefficients for the dry bean cultivar
are adopted from the DSSAT Version 4.7.5 - (Hoogenboom et al., 2019a). '° the
first calibration approach with data combination 1; !* the first calibration ap-
proach with data combination 2.

terms of accuracy statistics, including RMSE, NRMSE, and RE (Table 5).
The values for the cultivar coefficients for the variety X-RAV-40 esti-
mated based on five calibration approaches are compared in Table 6. In
the case of APP1 (COMB1 and COMB2), the calibrated model predicted
anthesis and maturity on average within a 1-day error for both model
calibration and evaluation. The simulated average flowering time was
38 days after sowing, which was the same as the observed value (38
days) and similar to the 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 also
similar to those (67 and 68 days) reported by the Ministry of Agri-
culture in 2017. The evaluation showed that the CSM-CROPGRO-Dry
bean model could mathematically represent the physiological processes
of dry bean for the study area in Haiti.

For the APP2 calibration approach, the dry bean phenology was
simulated by the model with errors that were less than 2 days for both

Table 5
Evaluation of the CSM-CROPGRO-Dry bean model for anthesis, maturity, and yield for the study area (Arcahaie, Haiti).
Variables Calibration Approach Calibration Evaluation
Obs.! Sim.” RMSE® NRMSE* (%) RE® Obs. Sim. RMSE NRMSE (%) RE (%)
(%)

Anthesis (day)® APP1-COMB1° 38 38 3.0 8.0 0.0 39 38 2.7 7.0 3.0
APP1-COMB2'° 39 39 2.7 6.9 0.0 38 39 3.2 8.3 3.0
APP2 40 40 0.0 0.0 0.0 38 40 2.0 5.3 5.3
APP3 38 38 0.0 0.0 0.0 43 41 2.0 4.7 3.0
APP4 37 37 0.0 0.0 0.0 42 38 4.0 9.5 9.5

Maturity (day)7 APP1-COMB1 67 68 2.0 3.0 1.0 68 68 1.9 2.8 0.0
APP1-COMB2 68 68 1.9 2.8 0.0 67 68 2.0 3.0 1.0
APP2 66 67 2.0 3.0 1.5 68 68 0.0 0.0 0.0
APP3 66 66 0.7 1.1 0.0 70 68 2.0 2.9 1.0
APP4 63 63 0.0 0.0 0.0 70 65 5.0 7.1 7.1

Yield (kg/ha)8 APP1-COMB1 1,412 1,485 255 18.1 5.0 1,426 1,515 304 21.3 6.0
APP1-COMB2 1,426 1,648 379 26.6 16.0 1,412 1,628 333 23.6 15.0
APP2 932 1,465 533 57.2 57.2 1,329 1,599 270 20.3 20.3
APP3 1,040 1,214 174 16.7 16.7 1,114 1,410 296 26.6 26.6
APP4 950 1,601 651 68.5 68.5 1,655 1,484 171 10.3 10.3

1 the mean values of the observed; ? the mean values of the simulated; ® root mean squared errors (RMSEs) of the simulated; 4 normalized RMSEs of the simulated; ®
relative errors of the simulated; © time to flowering; ’ time to physiological maturity; ® dry bean yield at maturity; ° the first calibration approach with data

combination 1; *° the first calibration approach with data combination 2.
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calibration and evaluation. There was only one day of difference be-
tween the simulated and observed physiological maturity date
(Table 5). For final the yield the simulations were not as accurate; the
NRMSE for dry bean yield ranged from 20.3 % to 57.2 % for the cali-
bration and the evaluation, which was considered as a poor perfor-
mance (Jamieson et al., 1991; Rinaldi et al., 2003). The APP3 cali-
bration approach provided a difference of 0 to 2 days in predicting the
time to flowering (Table 5), while the NRMSE for yield prediction had a
fair accuracy (16.7 % to 26.6 %). Thus, the genetic coefficients esti-
mated based on the APP3 approach are the best candidates for appli-
cation of the model and scenario analysis. In the case of APP4, the
prediction errors for the time to flowering and physiological maturity
ranged from O to 5 days for both calibration and evaluation (Table 5).
The predicted yield ranged from 1,601 kg ha™ and 1,484 kg ha™, which
were 10.3 % to 68.5 % greater than the observed yield (950 kg ha™ and
1,655 kg ha™).

For the APP2, APP3, and APP4 calibration approaches, the differ-
ence between the simulated and observed anthesis and maturity ranged
from 2 to 5 days, which was worse compared to the accuracy provided
by the APP1 calibration approach (Table 5). The largest differences in
the anthesis (4 days) and maturity (5 days) were observed for the APP4
calibration approach. The observed time to flowering and physiological
maturity was 42 and 70 days, respectively for the 2017 experiment. The
APP4 calibration approach substantially underestimated both anthesis
and physiological maturity with 37 days to anthesis for both 2016 and
2018 and 63 and 67 days to physiological maturity for the 2016 and the
2018 experiments.

In the case of the first calibration approach (APP1), the NRMSE of
dry bean yield simulated from the first data combination (APP1-
COMB1) and the second data combination (APP1-COMB2) ranged from
18 % to 27 % for model calibration and evaluation. These error sta-
tistics indicate that the CSM-CROPGRO-Drybean model provided a ‘fair’
performance when simulating the dry bean yield using the calibrated
cultivar coefficients (Jamieson et al., 1991; Rinaldi et al., 2003). The
predicted yield, i.e., 1515 kg ha™ for APP1-COMB1 and 1628 kg ha™! for
APP1-COMB2, was greater than the observed yield, i.e., 1426 kg ha™
for APP1-COMB1land 1,412 ha™ for APP1-COMB2, and the differences
(6 % and 15 %) were regarded as acceptable since the NRMSE was less
than 30 %. The set of genetic coefficient values identified from the
APP1-COMBI1 was selected for the scenario analysis since the APP1—-
COMB1 provided the best agreement with the observed values among
the different calibration approaches (Tables 5 and 6).

The error in yield prediction increased from 5.0 % to 68.5 %, and
from 6.0 % to 26.6 % during the calibration and the evaluation, re-
spectively (Table 5). This can be explained by the variability in crop
management practices and weather conditions that were not effectively
captured by the weather data that were used for modeling as well as
uncertainty in the observed yield data. In addition, the field experi-
ments implemented in the study areas showed that variation in yield of
different dry bean cultivars was larger than the variation in anthesis
and physiological maturity (unpublished data, Raphael Colbert). For
the three years of dry bean experiments there was only a one to three
day of variation in anthesis, while observed yield fluctuated much more
during the same period.

3.2. Temporal variation in the availability of irrigation water

The runoff hydrograph observed at the watershed outlet showed
fluctuations in the flow rate from August to October with the average
flowrate of 3.26 m® s and peak discharges of 8.02m> s (on October
16) (Fig. 4). Baseflow started comprising a relatively large contribution
to the streamflow in November although the baseflow started to de-
crease in October. The BFI was estimated to be 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 monitoring period, including the
wet and dry seasons, was 0.14, and was 0.21 when only the wet period
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was considered (August to October). Based on a total watershed area of
80km?, an R-B index of 0.14 indicates that the Courjolle River is a
stable groundwater-based stream that has 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 agricultural water in the watershed.

Fig. 4. Streamflow hydrographs measured at the outlet of the wa-
tershed 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 area.

The hydrograph analysis showed that streamflow could provide
more water than required for dry bean irrigation for a portion of the
rainy season (October and November) (Fig. 4 and Table 7). The amount
of water available could be greater than that of rainfall in the two
months due to the delayed contribution of baseflow to the total
streamflow. In the limited irrigation water scenarios for the October
planting dates (October Limited), therefore, irrigation water was not
limited, which made the average amount of irrigation water applied for
the simulation period of 35 years similar to each other in the unlimited
and limited irrigation scenarios (October Unlimited vs. October Lim-
ited).

The CSM-CROPGRO-Dry bean model predicted that the irrigation
requirement would increase by 37 % when changing the planting date
from October to February under the unlimited irrigation scenarios
(October Unlimited vs. February Unlimited) (Table 7). Such an increase
can be explained by a decrease in rainfall and an increase in evapo-
transpiration (ET) from dry bean due to an increase in temperature and
solar radiation (Tables 7 and 8). Thus, the amount of water available
from the upstream watershed for dry bean irrigation became more
critical when delaying the planting date.

3.3. Responses of evapotranspiration to water availability

The ET rates were sensitive to the irrigation management scenarios
(Table 8). Crop water demand or crop evapotranspiration (ET) in-
creased from the October planting scenario (dry bean started growing
from October for two and a half months; Table 3) to the February (dry
bean started growing from February for two and a half months; Table 3)
constantly (Table 8). In this study, the potential (PET) was estimated
based on the Priestley-Taylor equation, which expresses daily PET rates
as a nonlinear function of daily solar radiation, air temperature, and
relative humidity (Priestley and Taylor, 1972; Allen et al., 1998; Jones
et al., 2003; Hoogenboom et al. 2019a, 2019b). The Priestley-Taylor
expression can explain the ET increases from the October Unlimited to
the February Unlimited scenarios. When water is fully available
through irrigation and rainfall (the Unlimited scenarios), for instance,
the crop water demand is essentially dependent on the weather con-
ditions such as solar radiation and temperature.

The seasonal variation patterns of ET changed for the Limited water
and Rainfed conditions. For the Rainfed situation, the water demand
decreased from the October planting scenario (October Rainfed) to the
December planting scenario (December Rainfed) and then increased
from the December Rainfed to the February Rainfed scenarios (Table 8).
Given that the only source of water was rainfall, dry bean ET followed
the same pattern as that of the total rainfall amounts (Table 7 and
Table 8). For the Rainfed scenarios, the actual crop ET was limited by a
small amount of soil water in the dry season, which created drought
stress affecting the leaf and canopy growth and dry matter production
(Table 8; Boote et al., 2008; Dhakar et al., 2018; Jamieson et al., 1995;
Saseendran et al., 2008).

In the case of the Limited condition, ET increased slightly from the
October planting scenario (October Limited) to the November Limited
(246 mm) and then decreased from the December Limited (219 mm) to
the January Limited (149 mm) and then increased again for the
February planting scenario (February Limited) (168 mm). This specific
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Fig. 4. 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.

Table 7
The amount of irrigation supplied to the dry bean fields, and the ranges of rainfall available for each scenario based on the NASA POWER rainfall data.
Scenario Number Scenario Code Mean and Range forf Irrigation (mm) Rainfall range (mm)
1 October Unlimited 89-268 (185) 11-277
2 October Limited 89-268 (184)
3 October Rainfed 0
4 November Unlimited 114-271 (217) 10-254
5 November Limited 75-252 (191)
6 November Rainfed 0
7 December Unlimited 183-283 (242) 10-116
8 (Baseline) December Limited 45-241 (161)
9 December Rainfed 0
10 January Unlimited 180-296 (253) 10-147
11 January Limited 12-178 (61)
12 January Rainfed 0
13 February Unlimited 175-306 (254) 11-203
14 February Limited 11-205 (73)
15 February Rainfed 0
Table 8

Summary of the median and coefficient of variation for simulated yield, daily average total solar radiation, maximum and minimum temperature, and evapo-
transpiration for each scenario using the NASAPOWER rainfall data.

Scenarios Median Yield (kg/ha) CV Yield (%) SRAD (MJ/m?) Tmax (°C) Tmin (°C) ET (mm)
October Unlimited 1,246 13.1 16.2 30.4 21.9 250
October Limited 1,246 13.2 244
October Rainfed 49 146.1 132
November Unlimited 1,353 9.9 16.3 30.1 20.6 253
November Limited 1,303 38.1 246
November Rainfed 39 176.4 100
December Unlimited 1,447 9.2 17.4 30.3 20.1 268
December Limited 676 78.1 219
December Rainfed 33 41.4 87
January Unlimited 1,535 11.7 19.1 30.8 20.4 289
January Limited 55 184.7 149
January Rainfed 30 101.0 93
February Unlimited 1,538 11.7 20.6 31.5 21.3 304
February Limited 68 169.4 168
February Rainfed 36 101.0 106

CV: Coefficient of variation, SRAD: solar radiation, Tmax: maximum temperature, Tmin: minimum temperature, ET: evapotranspiration.



R. Mompremier, et al.

Agricultural Water Management 243 (2021) 106429

2000 5
& H
1500
’a I
E IRRIGATION WATER AVAILABLE
3 1 OOO . - Limited Irigation Water
~ E3 Rainfed
% . L > ‘ Unlimited Irrigation Water
.>__
500 :
. . z -
: . * i s
0 LR 4 -L =

OU OL ORNU NL NR DU DL DR JU JL JR FU FL FR

Scenarios

Fig. 5. Variability in simulated dry bean yield for the planting date and irrigation scenarios.

pattern for ET was because sufficient water based on a combination of
irrigation and rainfall was available for the October Limited and
November Limited scenarios. Then, ET followed the trend of seasonal
solar radiation and air temperature from the October Limited to the
November Limited scenarios, as found in the Unlimited condition
(Table 8). For the dry season, solar radiation and temperature con-
tinued to increase while the available water for dry bean decreased
during the dry season from December Limited to the February Limited
scenarios, which affected ET, growth, and final yield (Tables 7 and 8).

3.4. Responses of dry bean yield to water availability

The long-term dry bean simulations showed that the rainfed sce-
narios (October Rainfed, November Rainfed, December Rainfed,
January Rainfed, and February Rainfed) resulted in the lowest yield
with the median ranging from 30 kg ha™ (January Rainfed) to 49 kg ha”
! (October Rainfed) (Table 8 and Fig. 5). These findings highlight the
importance of irrigation for dry bean production in the study area.
Under rainfed conditions, the December Rainfed scenario resulted in
the second-lowest median yield of 33kg ha™, 8 % to 32 % less com-
pared to those of the other scenarios. This was due to the smallest
amount of rainfall received during the growing period of December
Rainfed, December to March (47 mm) compared to October Rainfed
(97 mm), November Rainfed (62 mm), January Rainfed (52 mm) and
February Rainfed (74 mm) (Figs. 2,4, and 5).

Fig. 5. Variability in simulated dry bean yield for the planting date
and irrigation scenarios

For the unlimited irrigated conditions, dry bean yield increased
consistently from the October to the February planting scenario, which
is not surprising since solar radiation and temperature increased during
this period as well (Fig. 2 and Table 8). For instance, the yield for the
February planting date (February Unlimited) was 23 % higher than that
for the October planting date (October Unlimited). These findings in-
dicate that solar radiation and temperature becomes a limiting factor
for dry bean growth when irrigation water is not limited.

The simulated dry bean yield under the limited irrigation water
scenarios (October Limited, November Limited, December Limited,
January Limited, and February Limited) decreased consistently from
the November (November Limited) to the February (February Limited)
planting scenario (Fig. 5). This can be explained by the fact that the
amount of irrigation water supplied by the river as well as rainfall
significantly decreased from November to February (Figs. 2,4,5, and
Table 7). For instance, if dry bean is planted in January and February
(January Limited and February Limited), the model predicted that the
yield would decrease by 92 % and 90 %, respectively, compared to that

10

of December Limited. On the other hand, yield was predicted to in-
crease by 84 % and 93 %, respectively, for the October Limited and
November Limited scenarios, compared to that of the December Lim-
ited scenario. These simulation results demonstrate that the pro-
ductivity of the agricultural area is significantly limited by both the
amount and the temporal variability of the water that is provided by the
upstream watershed. In addition, these findings imply that the avail-
ability of irrigation is more critical to dry bean production than the
effect of solar radiation and temperature in the study area. The scenario
analysis results suggest that local farmers can plant dry bean earlier
than December to improve their yield if they are able to secure more
water from the river for supplemental irrigation.

3.5. Implications and limitations

This study demonstrated that the productivity of a downstream ir-
rigation district relies on the upstream hydrological processes and the
seasonal variability of these hydrological processes. The baseflow se-
paration analysis showed that streamflow of the study watershed
mainly consisted of baseflow, e.g., BFI of 0.70 and the R-B flashiness
index of 0.14, especially during the dry months, which indicates that
the watershed is a groundwater-based system (Baker et al., 2004).
These hydrologic features are favored for the purpose of irrigation as
groundwater discharge or baseflow is more consistent compared to
direct runoff, providing a more stable water supply for irrigation. The
water availability and irrigation scenario analyses suggest that the
agricultural productivity can be improved by securing baseflow from
the watershed, which can be accomplished by the reforestation of the
savannah regions in the upstream drainage areas and watershed of the
irrigation district (Filoso et al., 2017; Ilstedt et al., 2016).

Dry bean yield can also be improved by reducing water loss during
conveyance from the river to the field, while proper maintenance of the
irrigation water delivery system can help increase the amount of water
available for irrigation. The use of advanced irrigation scheduling
methods, such as determining the amount and timing of water appli-
cation based on the information of soil water conditions and growing
stages, can help local farmers save water resources under the current
limited water availability condition without a large investment in the
existing irrigation system (Liang et al., 2016; Lopez et al., 2017). An
optimum water application schedule also can be identified from both
experimental and simulation studies such as modeling analysis of this
study, which could be an interesting subject for future research.

One of the greatest challenges of this study was the limited quantity
and quality of experimental data that were available for crop modeling
and scenario analysis. Crop modeling requires at least local rainfall
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data, especially for tropical environments (Hoogenboom, 2000a).
However, the local weather data had many missing days, and there was
no local weather record that could help to analyze the long-term
weather and hydrologic variability. Thus, the weather input data for the
crop modeling had to be complemented with the remotely sensed
rainfall estimates that are known to have much uncertainty, which in
turn could affect the irrigation water availability estimates (Awange
et al.,, 2016; McMillan et al., 2018). In addition, the crop model was
calibrated to measurements that are potentially biased (towards a re-
latively low yield). The crop growth and yield observations were ob-
tained from field experiments that imposed nutrient stresses on crops,
which were only measurements that could show the physiological
characteristics of dry bean in the study area. The streamflow had been
monitored for only nine months due to the limited accessibility to the
area. Although the monitoring period includes the growing seasons of
dry bean, the streamflow data had to be extrapolated to estimate irri-
gation availability from the relationship between runoff discharges and
rainfall depths observed during the monitoring period. The imperfect
measurements and the subsequent uncertainty introduced during the
hydrologic analysis and crop model calibration should affect outputs of
the scenario analysis (Harmel et al., 2006; Hoogenboom, 2000). How-
ever, this study emphasized the relative comparison between the effi-
ciency of irrigation and dry bean management practices, while un-
certainty will be considered in a future study.

3.6. Conclusion

The crop modeling experiment demonstrated that dry bean pro-
duction with the traditional mid-December planting date was sub-
stantially reduced by a limited availability of irrigation. In addition,
streamflow monitoring indicated that irrigation water availability
would decrease as dry bean planting was delayed. These findings sug-
gest that local farmers should plant dry bean earlier to be able to pro-
cure more irrigation water that could results in an increase in yield. It
also implies that securing more stable water resources such as baseflow
other than direct runoff can help improve dry bean production. This
study demonstrated that agricultural production could benefit from
integrated knowledge of the relationship between physically separated
but hydrologically connected areas, the upstream watershed and
downstream irrigation district. Such knowledge highlights the need for
a science-based and coordinated approach to natural resources man-
agement in improving agricultural productivity and sustainability.
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