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Abstract 10 

Irrigation management can be improved by utilizing advances in numerical 11 

models of water flow in soils that can consider future rainfall by utilizing data 12 

from weather forecasts. Toward this end, we developed a numerical scheme to 13 

determine optimal irrigation depth on scheduled irrigation days based on a 14 

concept of virtual net income as a function of cumulative transpiration over 15 

each irrigation interval; this scheme combines a numerical model of crop 16 

response to irrigation and quantitative weather forecasts. To evaluate benefits, 17 

we compared crop growth and net income of this proposed scheme to those of 18 

an automated irrigation method using soil water sensors. Sweet potato 19 

(Ipomoea batatas (L.), cv. Kintoki) was grown in 2016 in a sandy field of the 20 

Arid Land Research Center, Tottori University, Japan under either a non-21 

optimized automated irrigation or the proposed scheme. Under the proposed 22 

scheme, 18% less water was applied, yield increased by 19%, and net income 23 

was increased by 25% compared with the results of the automated irrigation 24 

system. In addition, soil water content simulated by the proposed scheme was 25 
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in fair agreement with observed values. Thus, it was shown that the proposed 26 

scheme may enhance net income and be a viable alternative for determining 27 

irrigation depths. 28 

 29 

Keywords: automated irrigation, simulation, transpiration, soil water content, 30 

net income 31 

1. Introduction 32 

The determination of how much water to apply during irrigation is one of the 33 

most crucial topics of agricultural water management. Most farmers rely on 34 

intuition to determine water amount (referred to hereafter as irrigation depth; 35 

McCown et al., 2012). Most tend to believe that high yields are achieved by 36 

applying more water. By adding water beyond optimal levels, they may waste 37 

water or even reduce yield. To improve water management, the idea of deficit 38 

irrigation was developed, and it may be an efficient method of reducing 39 

irrigation water use. Many studies have been conducted with the aim of either 40 

reducing applied water or testing crop response under different deficit-41 

irrigation management strategies (Makau et al., 2014; Gheysari et al., 2016; 42 

Lopez et al., 2017). Deficit irrigation has been widely used to maximize water 43 

use efficiency or water productivity as the primary objective. However, it 44 

would be net income (or profit), not water use efficiency or water productivity, 45 

farmers are willing to maximize. 46 

Automated irrigation systems using sensors are another strategy used to 47 

quickly respond to drought stress (Dursun and Ozden, 2011; Nikolidakis et al., 48 

2015). However, such systems require high initial investment in the sensor 49 

system and are not designed to adjust irrigation intervals to weather forecasts. 50 
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The numerical simulation of water flow and crop growth can be utilized to 51 

predict crop water stress rather than monitoring soil water content with sensors 52 

(Gu et al., 2017). And now quantitative weather forecasts of acceptable 53 

accuracy are readily available to farmers with internet access. 54 

Integration of weather forecasts into irrigation scheduling has become more 55 

viable in recent years. Lorite et al. (2015) used free accessible online weather 56 

forecasts to determine irrigation scheduling based on daily and weekly 57 

reference evapotranspiration. Venäläinen et al. (2005) evaluated the accuracy 58 

of SWAP (van Dam, 1997) and AMBAV (Braden, 1995) models by inputting 59 

numerical weather forecast as atmospheric boundary conditions. Delgoda et al. 60 

(2016) used weather forecasts in a theoretical framework based on model 61 

predictive control model to minimize soil water depletion in the root zone and 62 

determine irrigation depth under conditions of water deficit. Ballesteros et al. 63 

(2016) developed FORETo software to forecast reference evapotranspiration 64 

and thereby improve irrigation scheduling. Furthermore, decision support 65 

systems have been used to improve irrigation scheduling. Linker and Sylaios 66 

(2016) presented a hybrid formulation to minimize the number of decisions 67 

used in a multi-objective function of yield–irrigation combinations. Yang et al. 68 

(2017) used multiple objective functions to develop a flexible irrigation 69 

scheduling decision support system using fuzzy programming and interval 70 

optimization approaches. This approach based on uncertain data of crop 71 

evapotranspiration; that would be a major constraint of this model. 72 

Concerning water use efficiency and farmer's benefits, Wang and Cai (2009) 73 

used a theoretical approach by applying various modelling methods and using 74 

various types of weather forecasts in the SWAP model. They used a genetic 75 
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algorithm to optimize the irrigation scheduling that maximizes seasonal net 76 

income. However, this approach had some limitations as they assumed (1) 77 

irrigation had to be applied if the stress index was below 0.5, regardless of 78 

weather forecasts; (2) a synthetic weather forecast; and (3) simplified water–79 

yield relationships.  80 

To motivate farmers to save water, governments typically set a price on water. 81 

Bozorg-Haddad et al. (2016) estimated farmer’s response to the price of 82 

agricultural water. They found that low water prices have no effect on water 83 

use compared to non-priced water. Raising water prices gives farmers an 84 

incentive to save irrigation water. Assuming that water is appropriately priced, 85 

Fujimaki et al. (2015) presented a new scheme to optimize irrigation depths in 86 

which net income is maximized based on present-day weather forecasts. This 87 

scheme was incorporated into their WASH_2D model, which predicts the two-88 

dimensional movement of water, solutes, and heat. They carried out two 89 

preliminary field experiments in two different locations. The first experiment 90 

was carried out at the Institute des Régions Arides (IRA), Medenine, Tunisia, 91 

during 2011–2012; the crop was barley (Hordeum vulgar L. cv. Ardhaui) 92 

grown in loamy sand soil. The second experiment was carried out at the Arid 93 

Land Research Center, Tottori University, Japan, in 2013; the crop was sweet 94 

corn (Zea mays, cv. Amaenbou86) grown in sandy soil. The experiments were 95 

limited to clearly ascertaining that the new scheme is beneficial and worth 96 

promoting. The applicability of this optimization procedure requires more 97 

extensive validation under various combinations of climate, soil, and crop to 98 

give users more confidence in its reliability. The purpose of this study, 99 

therefore, was to evaluate the Fujimaki scheme with respect to net income 100 
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using a major crop, sweet potato. The specific goal was to replace capital-101 

intensive automated irrigation methods with a low-cost scheme based solely 102 

on weather data and numerical simulation. 103 

2. Scheme Description 104 

2.1. Maximization of net income 105 

Fujimaki et al. (2015) proposed that net income, In ($ ha-1) may be calculated 106 

for each irrigation interval even though income is not realized until the crop is 107 

harvested and sold. Net income can be calculated in proportion to the 108 

increment in dry matter attained during the interval from 109 

= ετ − −                                                                                (1) 110 

where Pc is the producer's price of crop ($ kg–1 DM), ε is transpiration 111 

productivity of the crop (produced dry matter (kg ha–1) divided by cumulative 112 

transpiration (kg ha–1)), τi is cumulative transpiration during the interval 113 

between two irrigation events (1 mm= 10,000 kg ha–1), ki is the income 114 

correction factor, Pw  is the price of water ($ kg–1), W is the irrigation depth (1 115 

mm =10,000 kg ha–1), and Cot is other costs ($ ha–1). 116 

Transpiration in the initial growth stage is smaller than that in later stages; 117 

therefore, we used the income correction factor to avoid underestimating the 118 

contribution of initial transpiration to the entire quantum of growth. It was 119 

described by Fujimaki et al. (2015) as; 120 

= = ∫ = ( ) [ ( )]
,                                               (2) 121 
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where  is average values of crop coefficient,  over expected period of 122 

growth; τ  is the expected transpiration at final period; ,  and  are 123 

fitting parameters.  124 

The transpiration rate, Tr (cm s−1), was calculated by integrating the water 125 

uptake rate, S, over the root zone: 126 

= ∫ ∫ dxdz                                                                                  (3) 127 

where  and  are width and depth of calculated root zone. We used a 128 

macroscopic root water uptake model (Feddes and Raats, 2004) to predict the 129 

water uptake rate, S (cm s−1): 130 

= βα ,                                                                                                      (4) 131 

where Tp, αw and β are potential transpiration (cm s−1), reduction coefficient 132 

and normalized root density distribution, respectively. 133 

By using quantitative weather forecast or actual meteorological data for 134 

atmospheric boundary condition, WASH_2D can calculate both evaporation 135 

and transpiration rates separately. The evaporation rate was calculated with a 136 

bulk transfer equation (van Bavel and Hillel, 1976) while the Tp was 137 

calculated by multiplying reference evapotranspiration by basal crop 138 

coefficient, kc as follows: 139 

= ,                                                                                                       (5) 140 

where Ep is reference evapotranspiration (cm s−1), calculated by the Penman-141 

Monteith equation (Allen et al., 1998). Since the crop coefficient is largely 142 

affected by growth stage, therefore, we expressed it as a function of 143 

cumulative transpiration as: 144 
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= [1 − exp( τ)] + − τ                                                       (6) 145 

where  and  are fitting parameters. The last term τ  of Eq. (6) 146 

expresses decline in latest stage of growing season. The reduction of the water 147 

uptake rate, α is a function of drought and osmotic stresses; WASH 2D model 148 

uses the so-called additive function as follows: 149 

α =  ,                                                                                          (7) 150 

where ψ50, ψ050  and p are fitting parameters (van Genuchten, 1987). In this 151 

paper, we modified the equation that describes the root activity, β: 152 

= 0.75( + 1) ( − + ) (1 − ),                  (8) 153 

where  is a fitting parameter;  and  are the depth and width of the root 154 

zone (cm), respectively; x is the horizontal distance between lateral and plant 155 

(cm); z is the soil depth (cm); and   is the depth below which roots exist 156 

(cm). In general, the roots of cultivated plants start from about 2.5 cm below 157 

the soil surface, therefore, we have added as a new parameter to make the 158 

model more realistic. 159 

The  was also expressed as a function of cumulative transpiration as 160 

follows: 161 

= [1 − exp( τ)] + ,                                                               (9) 162 

where ,  and  are fitting parameters. By expressing the parameters 163 

 and  as functions of cumulative transpiration as independent variable 164 

instead of days after sowing, WASH_2D may express plant growth more 165 

dynamically responding to drought or salinity stresses.  166 
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2.2. Determination of optimum irrigation depth 167 

To minimize repetition of numerical prediction in non-linear optimization, 168 

Fujimaki et al. (2015) proposed the following scheme: First, the relationship 169 

between transpiration and irrigation depth is described as 170 

τ = ∫ dt = [1 − exp( )] + τ ,                                                       (10) 171 

where  is the transpiration rate (cm s–1),  and  are fitting parameters and 172 

τ  is τ at W = 0. Note that even when W = 0, the plant can still uptake 173 

available water from the soil and  τ  tends to be large after rain. Second, 174 

maximum  is obtained when the derivative of Eq. (1) with regard to W 175 

becomes zero: 176 

= − ε exp( ) − = 0                                                          (11) 177 

= ln −                                                                                   (12) 178 

In order to determine the optimum irrigation depth, the values of  and  179 

must be known. Those values can be obtained by assessing transpiration at 180 

maximum (Wmax, τmax) and intermediate (Wmid, τmid) irrigation depths: 181 

τ = [1 − exp( )] + τ                                                               (13) 182 

τ = [1 − exp( )] + τ                                                                (14) 183 

Rearranging Eq. (13) gives 184 

= ( ),                                                                                        (15) 185 

and Eq. (13) – Eq. (14) gives 186 

= ( ) ( )                                                                        (16) 187 

Therefore, 188 



9 | P a g e  
 

( ) ( ) − ( ) = 0.                                          (17) 189 

The value of  can be quickly estimated using the bisection method. The user 190 

interface of WASH_2D asks users to set upper limit value of irrigation depth. 191 

Thus, by obtaining τ from the numerical prediction at three irrigation depths, 192 

zero, the upper limit, and an intermediate value, we can determine the 193 

optimum irrigation depth. 194 

2.3. Routine procedure 195 

The routine calculation procedure (Fig. 1) begins with (1) acquiring recent 196 

weather records in the early morning of each irrigation day to (2) perform a 197 

numerical simulation to estimate and update the initial condition. Then, after 198 

(3) obtaining quantitative weather forecast data until the next scheduled 199 

irrigation, (4) a simulation is run to determine the optimum irrigation depth to 200 

be applied. The irrigation is then performed. On the next irrigation day, (6) the 201 

current status is estimated by (5) simulation using the actual records of 202 

irrigation depth and weather since the last irrigation. Then (7) the weather 203 

forecast until the next scheduled irrigation is used to (8) perform the irrigation 204 

depth optimization for that irrigation day. This cycle continues until the final 205 

irrigation.  206 
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 207 

Fig. 1. Procedure for determining irrigation depth on scheduled irrigation days 208 

using the proposed scheme. (Two major steps were used in simulation: (1) 209 

update run to estimate the current status and (2) optimization run to optimize 210 

irrigation depth) 211 

Weather data including solar radiation, air temperature, relative humidity, 212 

wind speed, and rainfall were collected from a weather station located at about 213 

20 m away from the experimental field. We developed a utility program 214 

(WeatherForecastDownloader) that can be used to download the HTML file of 215 

2 days of quantitative weather forecasts from the website of Yahoo! Japan 216 

( URL:http://weather.yahoo.co.jp/weather/jp/31/6910/31302.html, confirmed 217 

on  February 7, 2018). These weather forecasts provide quantitative values for 218 

all required parameters except solar radiation, but provide classes of cloud 219 

such as “rain”, “cloudy” or “clear”. We used an empirical relationship 220 

between such descriptions and the ratio of extraterrestrial radiation to solar 221 

radiation. The representative values of solar radiation corresponding to the 222 
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different classes of cloud cover were (“clear” = 0.82, “cloudy” = 0.63, and 223 

“rain” = 0.32). 224 

2.4. Numerical Model 225 

The algorithm described above (and in Fig. 1) and a user interface for 226 

inputting parameter values have been incorporated into a numerical model, 227 

WASH_2D, which solves equations governing the two-dimensional 228 

movement of water, solutes, and heat in soils by the finite difference method. 229 

This software is freely distributed with source code under a general public 230 

license from the website of the Arid Land Research Center, Tottori University 231 

(http://www.alrc.tottori-u.ac.jp/fujimaki/download/WASH_2D). A detailed 232 

description of the model was presented in Fujimaki et al. (2015).  233 

3. Material and Methods 234 

3.1. Treatments 235 

To validate the scheme described in section 2, we carried out a field 236 

experiment at the Arid Land Research Center, Tottori, Japan, in 2016. Two 237 

treatments were established: (1) treatment A, automated irrigation based on 238 

either soil moisture or suction status monitoring, and (2) treatment S, the 239 

proposed numerical scheme. Two plots were established as replicates for each 240 

treatment. Each plot was 15 m long and 16 m wide. A weighing lysimeter with 241 

a diameter of 150 cm was used to measure evapotranspiration in treatment S. 242 

Volumetric soil water content was measured by time domain reflectometer 243 

(TDR-SK10 probes by Sankeirika, Japan and TDR 100 by Campbell Scientific, 244 

Ltd., USA). Twelve probes were installed in each treatment. In treatment A, 245 

(1) TDR probes were installed at depths of 5 cm and 15 cm below six plants; 246 



12 | P a g e  
 

and (2) three tensiometers were installed at a depth of 20 cm from 5 August 247 

until the end of the experiment.  248 

3.2. Irrigation 249 

Irrigation water was applied by means of a drip irrigation system with lateral 250 

pipes and emitters spaced at 90 cm and 20 cm, respectively. The discharge rate 251 

of the emitters was 1 L h-1. In treatment A, from planting until 5 August water 252 

was applied for 1 h with irrigation intensity 5.5 mm when the average 253 

volumetric soil water content at 15 cm was below 0.09. After 5 August, water 254 

was applied when the average suction of the three tensiometers exceeded 70 255 

cm. Those threshold values were set referring to preliminary experiments. In 256 

treatment S, the irrigation interval was set at 2 days. In the morning of each 257 

irrigation day, we performed the routine procedure (section 2.3) using last 258 

irrigation data, updated files of water and solute distribution obtained from the 259 

last update run, cumulative transpiration and quantitative weather forecast as 260 

input files. The resulted irrigation depth at each irrigation day was 261 

implemented manually to the treatment S. The water price was set at 0.0003 262 

($ kg–1) which is similar to the level used in Israel (Cornish et al., 2004). 263 

Transpiration productivity was set at 0.003. Liquid fertilizer (N = 12%, P2O5 = 264 

5%, K2O = 7%) was applied through fertigation throughout the growing 265 

season. To evaluate the effect of irrigation on gross net income between the 266 

two treatments, it was applied such that daily application rate was constant and 267 

the same. In total, 89 kg ha-1 of N was applied in both treatments. The salinity 268 

of the irrigation water was a low 0.1 dS m–1. The Ep and rainfall throughout 269 

the growing season are shown in Fig. 2. 270 

 271 
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 272 

 273 

Fig. 2. Fluctuation of Ep and rainfall during the growing season. Ep  was 274 

calculated by the penman Montieth equation. 275 

 276 

3.3. Soil  277 

The soil was a sand with hydraulic properties as shown in Fig. 3. The solute 278 

transport parameters dispersion coefficient and tortuosity factor of ionic 279 

diffusion (and its relationship with water content) were measured in the 280 

laboratory. The soil’s thermal properties were also measured independently to 281 

characterize the dependence of thermal conductivity and albedo on water 282 

content. The results of these measurements were simply used for the numerical 283 

simulations and are not reported here. 284 
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 285 

Fig. 3. Hydraulic properties of Tottori sand. 286 

 287 

3.4. Plants 288 

Sweet potato (Ipomoea batatas (L.), cv. Kintoki) cuttings were transplanted on 289 

1 June at a spacing of 40 cm along the laterals (rows). We did not measure 290 

parameter values of the stress response function, but adopted values 291 

comparable to those given by Yanagawa and Fujimaki (2013) as listed in 292 

Table 1. Parameter values of the crop coefficients were initially set referring 293 

values by Allen et al. (1998) assuming that average reference ET during initial, 294 

development, and middle stages are 2, 3, 4 mm/d, respectively. Those 295 

parameter values were then updated twice throughout the growing season such 296 

that simulated evapotranspiration matched the measured values (Fig. 4).  297 
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Since the plant leaves did not shrivel and irrigation was not carried out during 298 

the latest stage of the plant growth, we did not include decline in basal crop 299 

coefficient expressed by last term τ   in Eq. (6). 300 

 301 

Fig. 4. Crop coefficient as a function of cumulative transpiration for three 302 

periods during the experimental crop development.   303 

 304 

Biomass was measured by separating leaves, stem and tubers of sampled 305 

plants, then dried at 70°c until constant weight.  Tubers of sweet potato were 306 

harvested on 20 October. We set the price of the crop at 1.5 ($ kg–1 DM) by 307 

referring to prices received by producers in the USA in 2011 (FAOSTAT, 308 

http://faostat.fao.org/). 309 

 310 
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Table 1. Parameter values for plant stress response and growth properties used 311 

in the numerical modelling in this study.  312 

 313 

Parameter Value Remark 

akc 1  

bkc –0.5 Eq. (2) and Eq. (6) 

ckc 0.1  

dkc 0   

ψ50 (cm) –300.0   

ψ050 (cm) –3000.0 Eq. (7) 

p 3   

brt 1  

drt ? Eq. (8) 

grt 30  

zr0 2   

adrt 40   

bdrt –0.4 Eq. (9) 

cdrt 5   

 314 

 315 

 316 

 317 

 318 

 319 
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4. Results and Discussion 320 

4.1. Leaf area index and biomass 321 

To evaluate the effect of the proposed scheme on the growth of sweet potato, 322 

values at four measurements of leaf area and biomass are shown in Fig. 5. 323 

Whereas the leaf area index (LAI) of treatment A peaked at 93 days after 324 

planting (DAP), that of treatment S continued to increase and was consistently 325 

higher than that of treatment A. Consequently, treatment S achieved a higher 326 

biomass than treatment A, especially in the late stage of crop growth (from 94 327 

to 141 DAP). Hence, treatment S increased plant growth compared to 328 

treatment A. This may likely be due to excess irrigation which pronounced 329 

leaching of nutrients beyond the plant root zone. Fig. 6 shows simulated 330 

nutrients uptake and leaching assuming that nutrients included in water uptake 331 

are also fully taken up, and it implies that nutrients uptake by plants grown in 332 

treatment S were greater than that in treatment A. 333 
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 334 

Fig. 5. Leaf area index and biomass of sweet potato crop over time in two 335 

irrigation treatments (Treatment A: automated irrigation scheduling based on 336 

soil moisture and suction monitoring; Treatment S: optimization of irrigation 337 

depth derived from the numerical scheme). 338 
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 339 

Fig. 6.  Simulation of the fate of nutrients throughout the growing season for 340 

both treatments A and S. 341 

 342 

4.2. Soil water content 343 

To check the performance of the proposed scheme with respect to the soil 344 

water regime, we compared the measured and simulated water contents in 345 

treatment S (Fig. 7). The positions of the soil volumetric water content 346 

measurements were specified in two dimensions (x and z), where x represents 347 

the horizontal distance from a lateral and z is the depth in the soil. At two 348 

locations: (x = 0 cm and z = 5 cm) and (x = 0 cm and z = 45 cm) the model 349 

could simulate volumetric water content well with a root mean square error 350 

(RMSE) of 0.024 and 0.006, respectively. At the other position (x= 45 cm and 351 

z = 5 cm), between plant canopies where the soil was nearly bare, the model 352 

could simulate water content with fair accuracy (RMSE = 0.013). Note that 353 



20 | P a g e  
 

simulations of volumetric water content were carried out independent of the 354 

measurements. 355 

 356 

Fig. 7. Comparison of measured and simulated volumetric soil water content 357 

at three positions (x = distance from nearest drip irrigation lateral, z = soil 358 

depth) in treatment S. 359 

 360 

4.3. Evapotranspiration 361 

We also compared the simulated and measured evapotranspiration (ET) of 362 

treatment S (Fig. 8). The model tended to underestimate ET values. This might 363 

have occurred for two reasons. First, we had five plants growing in the study 364 

area of the lysimeter. In our growth survey of 20 October, we found that one 365 

of those plants had an extremely large leaf area that raised the average LAI 366 

from 2.33 in the area surrounding the lysimeter to 2.79. Secondly, the soil 367 

surface of the lysimeter was about 5 cm above the surrounding area, which 368 
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might have led the plants to transpire more due to greater exposure to wind. 369 

Due to those specific reasons, the model had to use high basal crop coefficient 370 

in the last update from 21 August to 02 October. 371 

 372 

Fig. 8. Comparison of measured and simulated evapotranspiration in treatment 373 

S (Evapotranspiration was measured by a weighing lysimeter and was 374 

simulated using the WASH_2D model). 375 

 376 

4.4. Effectiveness of the proposed scheme on net income 377 

As described in the previous section, the proposed scheme determined 378 

irrigation depths based on the maximization of net income. An example of the 379 

optimization from a scheduled irrigation of 4 September (Fig. 9) shows how 380 

irrigation depth is determined based on three predicted values of transpiration 381 

at three irrigation depths. An irrigation depth of 1.39 cm was derived at the 382 

maximum point of the net income curve. Note that predicted transpiration is 383 
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lower at 1.39 cm than at 2.5 cm irrigation depth. The effect of the proposed 384 

scheme on net income is shown in Fig. 10. Treatment S reduced the amount of 385 

irrigation water applied by 18% and increased tuber yield by 19% compared to 386 

treatment A. As a consequence, treatment S achieved 125% higher net income 387 

than that of treatment A. 388 

 389 

Fig. 9. An example of how the irrigation depth is optimized on a scheduled 390 

irrigation day in the proposed scheme. Those values were resulted from the 391 

simulation on 4 September.  392 

 393 

 394 
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 395 

Fig. 10. Total income and net income from two irrigation treatments. 396 

Treatment A: automated irrigation scheduling based on soil moisture and 397 

suction monitoring; Treatment S: optimization of irrigation depth from the 398 

numerical scheme. 399 

 400 

One reason that treatment A applied water less effectively is that it disregarded 401 

forecast weather. An example of the effect of this is that on 12 July the 402 

proposed scheme suggested “no irrigation” for the next two days in response 403 

to forecast rainfall on 12 July, whereas the automated irrigation system applied 404 

2.14 mm of irrigation on 13 July in response to soil moisture falling below the 405 

threshold for irrigation, just 5 h before the rain event. In addition, the trigger 406 

value of 0.09 might have been too high and might have led to apply water in 407 

that day.  Difficulty in determining economically optimum trigger value 408 
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without expensive field trials is another disadvantage of an automated 409 

irrigation system. 410 

4.5. Comparison between forecast and actual rainfall 411 

The accurate prediction of rainfall amount has a large effect on the 412 

performance of the proposed scheme. A comparison between forecast and 413 

actual daily effective rainfall is shown in Fig. 11. In the analysis, we set daily 414 

effective rainfall as 20 mm. The RMSE was 10.4 mm. The largest error 415 

occurred on 22 September when 79.5 mm was forecast and the actual rain was 416 

only 7.5 mm. In the present study, even under the given uncertainty of weather 417 

forecasts, the proposed scheme was effective in determining optimum 418 

irrigation depths and increasing net income. 419 

 420 
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Fig. 11. Comparison of forecast and actual daily effective rainfall for the 421 

entire growing season of the experimental period. 422 

 423 

5. Conclusion 424 

The new numerical simulation-based scheme proposed by Fujimaki et al., 425 

(2015) to determine irrigation water depth that maximizes net income was 426 

validated for sweet potato cultivated in a sandy field. Compared to a non-427 

optimized automated irrigation method, the proposed scheme, which 428 

incorporates weather forecast data, resulted in the application of 18% less 429 

irrigation water, increased yield by 19%, and increased net income by 25%. In 430 

addition, the proposed scheme simulated soil water content at each observed 431 

depth with a fair level of accuracy. This scheme imposes moderate drought 432 

stress which is being recently accepted among irrigation scientists and also 433 

being disseminated through extension services. Unlike conventional deficit 434 

irrigation, we do not target maximizing water productivity but net income 435 

which may be accepted by farmers who use priced water or can increase 436 

irrigated lands by saving water. This scheme would be less applicable for the 437 

clayed soil because of longer irrigation intervals and associated uncertainty of 438 

weather forecast. Even so, our results show that the scheme has potential to 439 

deliver greater benefits if accuracy of weather forecast is improved. 440 

 441 
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