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  Implications of uncertainty in inflow forecasting on reservoir operation 1 

for irrigation 2 

Abstract 3 

Accurate and reliable forecasting of reservoir inflows is crucial for efficient reservoir 4 

operation to decide the quantity of the water to be released for various purposes. In this paper, 5 

an Artificial Neural Network (ANN) model has been developed to forecast the weekly 6 

reservoir inflows along with its uncertainty, which was quantified through accounting the 7 

model’s input and parameter uncertainties. Further, to investigate how the effect of 8 

uncertainty is translated in the process of decision making, an integrated simulation-9 

optimization framework consists of (i) inflow forecasting model; (ii) reservoir operation 10 

model; and (iii) crop simulation model, was developed to assess the impacts of uncertainty in 11 

forecasted inflow on the irrigation scheduling and total crop yield from the irrigation system. 12 

A genetic algorithm was used to derive the optimal reservoir releases for irrigation and the 13 

area of irrigation. The proposed modeling framework has been demonstrated through a case 14 

example, Chittar river basin, India. The upper, lower, and mean of forecasted inflow from the 15 

ANN model were used to arrive at the prediction interval of the depth of irrigation, total crop 16 

yield, and area of irrigation. From the analysis, the ANN model forecast error of ±69% to the 17 

mean inflow was estimated. However, the error to mean value of simulation for total 18 

irrigation, total yield, and area of irrigation was ±13.3%, ±6.5%, and ±4.6%, respectively. 19 

The optimizer mainly contributed to the reduction in the errors (i.e., maximizing the total 20 

production with the optimal water releases from the reservoir irrespective of inflow to the 21 

reservoir). The results from this study suggested that the information on the uncertainty 22 

quantification helps in better understanding the reliability of the systems and for effective 23 

decision making.     24 
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 27 

1. Introduction 28 

Modeling and simulation are prevalent techniques for the effective management of water and 29 

agricultural production in the irrigation systems. The models can be from simple with few 30 

parameters to complex with several parameters depending on varying degrees of 31 

mathematical relationship. In irrigation modeling, the formulation of objective function has 32 

often been to maximize the crop yield with the optimal amount of water being released for 33 

irrigation, prevailing all other conditions such as soil nutrients, land suitability, etc. favorably. 34 

As there is no single model that can generically be applied everywhere, developing region-35 

specific models are often preferred. However, the interaction among natural processes is 36 

complex to understand, and thus the models developed generally contain a certain degree of 37 

uncertainty. These uncertainties mainly arise from the spatial and temporal variability of 38 

model inputs, parameters, and model structure (Cristiano et al. 2017). Hence, besides the 39 

calibration of model parameters, quantification of uncertainty has become indispensable in 40 

any simulation studies for improving the reliability of model simulations.  41 

 42 

In irrigation scheduling, model prediction uncertainty has been quantified through the 43 

uncertainty in the rainfall estimation (Burt et al. 1997; Chaubey et al. 1999) and the 44 

measurement error in evapotranspiration (Allen et al. 2011; Snyder et al. 2015). For 45 

quantifying the uncertainty, application of the Monte-Carlo (MC) simulation method has 46 

gained significant attention (Prats and Picó 2010; Soundharajan et al. 2016), as it can 47 

combine various forms of uncertainty (e.g., input, model, and parameter uncertainties) to 48 

estimate the total prediction uncertainty. In specific, the MC simulation is useful for 49 
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analyzing the statistical inference from the modeled parameters. However, a prodigious 50 

computation, a low rate of model convergence, and the amount of sampling from joint 51 

probability distribution are the major constraints that limit the application of MC. It was 52 

noted that many attempts so far presented in the literature have focussed on quantifying the 53 

effects of uncertainty in the climate variables to the crop yield (Wang et al. 2017; Zhao et al. 54 

2019). However, the impact of reservoir inflow forecast uncertainty on the irrigation water 55 

supply, as well as the total estimate of crop yield, should not be ignored as the flow dynamics 56 

vary due to high variability in the rainfall and catchment characteristics. In the process, the 57 

quantified uncertainty in the reservoir inflow can effectively be accounted into reservoir 58 

releases towards meeting the irrigation demands. These releases can further be linked with 59 

area irrigated, crop choice, and total crop production for quantifying the possible variations 60 

that are otherwise estimated as point values. 61 

 62 

This paper proposed ANN models for forecasting the reservoir inflows along with the 63 

quantification of uncertainty in the forecasted values. Several methods, such as the delta 64 

technique (Chryssolouris et al. 1996), Bayesian methods ( Zhang et al. 2009; Zhang et al. 65 

2011), the Hessian matrix of the cost function for construction of prediction intervals 66 

(Papadopoulos et al. 2001), mean-variance estimation-based method (Nix and Weigend 67 

1994), Bootstrap sampling-based methods (Tiwari and Chatterjee 2010), ensemble-based 68 

methods (Boucher et al. 2010; Araghinejad et al. 2011), heuristic-based methods (Han et al. 69 

2007), fuzzy-based method (Alvisi and Franchini 2011) have been proposed/applied in ANN 70 

model for the quantification of uncertainty. However, all these methods are often limited to 71 

quantify only the parameter uncertainty of ANN models without further investigating how the 72 

effect of uncertainty is translated in the process of decision making (i.e., integrating them 73 

with the management models as presented in this paper). Hence, this paper presents a two-74 
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stage ensemble of simulation methods to account for the input and model parameter 75 

uncertainty for quantifying the uncertainty in the inflow forecast. Further, a simulation-76 

optimization framework that combines the uncertainty interval of inflow forecast of the ANN 77 

models with management models (reservoir simulation and crop simulation) has been 78 

proposed to demonstrate the effect of uncertainty in the inflow forecast on the reservoir 79 

releases towards irrigation and the crop yield.    80 

 81 

2. Methodology 82 

A block diagram of the proposed simulation-optimization framework is presented in Fig 1. 83 

An objective function was formulated to maximize the total crop yield with an optimal supply 84 

of water from the reservoir storage. The decision variables were crop area and weekly 85 

reservoir releases (highlighted in blue color in Fig 1). The modeling framework has four main 86 

components (see Fig 1): (i) ANN weekly inflow forecast model along with quantification of 87 

forecast uncertainty (in the form of upper, lower, and average values) from the ensembles of 88 

simulation; (ii) Genetic Algorithm (GA) optimizer, to optimize the weekly reservoir releases 89 

and irrigated area; (iii) simulation of reservoir operation; and (iv) crop simulation model, 90 

which determines the crop yield for the given irrigation schedule (i.e., time of application and 91 

net depth of irrigation). The detailed explanation of each component is presented in the 92 

following subsections.  93 

 94 

Fig 1 Block diagram of simulation-optimization framework 95 

2.1. Quantification of inflow forecast uncertainty in ANN models 96 

A two-stage modeling framework, for accounting input and parameter uncertainty in stage 1 97 

and 2, respectively, has been proposed to quantify the uncertainty in the forecasted inflow by 98 

the ANN models (see Fig 2). It has been demonstrated that input uncertainty may change the 99 
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statistical characteristics of hydrologic model parameters, and therefore, has significant 100 

implications on testing the reliability of the model (Vrugt et al. 2008). In this paper, rainfall 101 

has been chosen for the analysis as the accurate measurement/estimation of rainfall is often 102 

challenging. In stage 1, quantification of model input uncertainty was performed through 103 

randomly sampling the possible error values from the probability distribution. Note that the 104 

error in the rainfall could be attributed to various sources such as interpretation error, 105 

measurement error, and sampling error. Since the direct estimation of the true values of these 106 

errors is always challenging, indirectly forcing the error/noise is a standard practice in 107 

modeling (Kasiviswanathan et al. 2017). In principle, each rainfall estimate is associated with 108 

an independent error. Therefore, error in each rainfall value must be estimated independently 109 

during the model calibration. However, in such an approach, the dimensionality of the 110 

calibration procedure grows multi-fold. Consequently, the predictive capability of the model 111 

might deteriorate gradually due to over parameterization. Hence, it is necessary to develop an 112 

efficient modeling framework that quantifies input uncertainty, also ensuring the model of 113 

parsimony. In this paper, this was performed by forcing an error in the form of rainfall 114 

multiplier ( tϕ ) mainly sampled from probability distribution function (pdf), which perturbs 115 

the measured inputs. Statistically, it is assumed that the error follows the normal distribution 116 

with zero mean and with certain values of standard deviation depending on the magnitude of 117 

error distribution (Kasiviswanathan et al. 2017). In the analysis, the forcing error was 118 

assumed to follow lognormal distribution as the multiplier has to be a positive fraction. 119 

However, the normal distribution can also be used, converting the negative values into 120 

positive ones. The statistical characteristics of the lognormal distribution [mean (µ) and 121 

standard deviation (σ) of the pdf] were estimated within the calibration of the model itself. 122 

The ‘ tϕ ’ has to be sampled from the pdf for each rainfall values independently. As mentioned 123 
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above, the mean value of the multiplier was fixed as 'zero,' and the standard deviation of the 124 

multiplier was identified through calibration. More details on the input uncertainty 125 

quantification that uses a similar approach in ANN rainfall-runoff models have been reported 126 

in Kasiviswanathan et al. (2017).  127 

 128 

In stage 2, accounting for the parameter uncertainty of the ANN model was performed using 129 

an ensemble simulation approach (Kasiviswanathan et al. 2013). The ensemble of model 130 

outputs was simulated from perturbing the ANN model parameters obtained in stage 1. As 131 

the perturbation of parameters cannot be performed randomly, an optimization function was 132 

formulated to obtain the ensemble of model outputs. Thus, the overall objective at this stage 133 

was to obtain the narrow prediction interval, which also contains a maximum number of 134 

observations within the prediction interval. This was achieved through formulating a multi-135 

objective optimization problem to generate ensembles of simulation, such as (i) minimize the 136 

mean square error (MSE) between the ensemble mean of ANN and observation (Eqn 1) and 137 

(ii) minimize the average width (AW) of prediction interval (Eqn 1), and (ii) maximize the 138 

percentage of coverage (POC) that contains more number of observations in the forecasted 139 

interval (Eqn. 2). 140 

 141 
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where, K is a total number of the ensemble of networks derived, and for each individual 145 

network, the tth pattern has a predicted value ˆ k
ty , obtained from the kth network (k = 1, 2,…K). 146 

n is the total number of patterns used for constructing the prediction interval, and ˆ L
ty are the 147 

upper and lower bound estimation of the t th pattern; ct =1 if the observed values of target fall 148 

within the prediction band ˆ ˆ,U L
t ty y   , otherwise ct =0. More details on the parameter 149 

uncertainty quantification of ANN using an ensemble of simulation has been presented in 150 

Kasiviswanathan et al. (2013).  151 

 152 

Fig 2 Flowchart describing the quantification of total forecast uncertainty of ANN model 153 
 154 

2.2. ORYZA2000 – Rice crop simulation model 155 

Crop simulation models play a major role in irrigation water management practices (Kisekka 156 

et al. 2017). However, the effectiveness of such models depends on the accurate estimation of 157 

irrigation water requirement that decides the crop yield. ORYZA2000 is an eco-physiological 158 

crop simulation model developed for simulating the growth, phenological development, and 159 

yield of rice crop under potential and limited water and nitrogen conditions on a daily scale 160 

(Bouman et al. 2001). The model simulates the phenological development of the crop, such 161 

as biomass production and partitioning using average daily temperature and photoperiod on a 162 

daily timescale. The simulated biomass is partitioned by the model among the various parts 163 

of the crop (roots, leaves, stems, and panicles) using partitioning factors, which are 164 

determined through calibration. Please refer to Bouman et al. (2001) for the detailed 165 

description of the model along with the program source code. 166 

 167 

The model requires inputs of soil, crop, weather, and management parameters (Bouman et al. 168 

2001; Soundharajan and Sudheer 2013). The management inputs are (i) crop variety, (ii) 169 
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spacing or plant population, (iii) transplanting depth, (iv) nursery duration, and (v) fertilizer 170 

and irrigation application. Soil properties include: (i) volumetric soil water content at 171 

saturation, (ii) field capacity and wilting point, (iii) depth of puddled soil, and (iv) saturated 172 

hydraulic conductivity. Rainfall and temperature are the weather inputs during the growing 173 

season. The crop parameters are (i) relative leaf growth rate, (ii) leaf death rate, (iii) specific 174 

leaf area, (iv) crop development rates, and (v) biomass partitioning factors. Please note that 175 

all these parameters are required to be calibrated. However, as the motivation of this paper 176 

was to show the impact of inflow forecast uncertainty in the crop production, the calibration 177 

procedure and calibrated parameter values of the ORYZA2000 model are not presented in 178 

this paper (please refer Soundharajan and Sudheer 2013 for more information). 179 

 180 

2.3. Optimization -Simulation model formulation 181 

The calibrated ORYZA2000 model was coupled with an optimization framework and a 182 

reservoir water balance simulation model (see Fig 1) to optimize the reservoir releases for 183 

irrigation under water deficit situations. The objective of the optimization scheme was to 184 

maximize the total crop yield from the reservoir based on the irrigated command area. The 185 

optimal release from the reservoir throughout the cropping season was forced for the 186 

maximum possible cropping area. The fitness function formulated is as follows: 187 

 188 

Maximize, 
1

n

s s
s

Z A Y
=

 =  
 
∑          (3) 189 

 190 

where, Z refers to the total crop yield from the irrigated command area in kg: As-Irrigated area 191 

in hectare; Ys- crop yield in kg per hectare. The cropping seasons are Kharif [June - October] 192 

and Rabi [October - February]. Decision variables were (i) weekly irrigation depths and (ii) 193 
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area that can be irrigated. Crop yield (Ys) for a specific irrigation schedule was simulated by 194 

the ORYZA2000 model to evaluate the objective function. The candidate solutions of 195 

reservoir releases generated by the GA were subjected to reservoir water balance (Eqn. 4), 196 

proposed by Loucks et al. (1981).  197 

 198 
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 204 

where, St and St+1 are reservoir storage at the beginning of periods t and t+1, respectively, m3; 205 

Rt – gross reservoir release during t, m3; Qt –reservoir inflow during t, m3; Ot -  reservoir spill 206 

during t, m3; Aα -  water spread area per unit volume of live storage, m2/m3; Ao – water spread 207 

area at the dead storage level, m2; et - evaporation loss from the reservoir, m; T -  total 208 

number of periods in the simulation; Smax –reservoir gross storage capacity, m3; S0 – dead 209 

storage capacity, m3. The reservoir behavior simulation is performed on a daily time scale. 210 

 211 

The net depth of irrigation has been computed as: 212 

 213 
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A

η= 

= 

          (7) 214 

 215 

where, η – overall irrigation efficiency (60%), fraction; NRt – net reservoir release during ‘t’, 216 

m3; As – irrigated area during the season ‘s’, ha; It – net irrigation during ‘t’, mm. For the 217 

complete formulation of an optimization scheme, readers can refer to Soundharajan and 218 

Sudheer (2009).  219 

 220 

2.4. Outline of the algorithm 221 

The initial decision variables (weekly net irrigation, It) were generated by the GA optimizer 222 

for the entire crop season along with irrigated area (As). It were converted into reservoir 223 

releases (Rt) using Eqn 7. The reservoir releases were evaluated using reservoir water balance 224 

for the feasibility of generated solutions. If any of the releases within the solution set violates 225 

the reservoir water balance (i.e., reservoir releases > reservoir storage), a constrain was 226 

forced to maintain the reservoir water balance (i.e., reservoir releases ≤ reservoir storage). 227 

Again, the adjusted Rt were converted back to It using Eqn 7. The final It schedules were 228 

given to the ORYZA2000 to simulate the crop growth and yield (Ys). The fitness function of 229 

the GA for each solution set was evaluated using Eqn 3. GA generated the population of 230 

next-generation solution sets based on the previous generation’s fitness function values 231 

through its operations (i.e., selection, crossover, and mutation). This iterative computation 232 

was continued until the specified number of generations reached. The final results were the 233 

solution set having the highest fitness function value (i.e., the combination of optimal 234 

reservoir releases and irrigated area that maximizes objective function).   235 

3. study Area and Data  236 
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The proposed method has been demonstrated through data collected from tributaries of the 237 

Chittar river, Tamil Nadu, India. The Chittar river basin (Fig 3) has a total area of about 1677 238 

km2 and is situated between 770E to 780E latitude and 8.750N to 9.250N longitude.  239 

 240 

Fig 3 Study area map (Source: CWR, 2001) 241 

 242 

The Chittar river is the largest tributary of the Tambaraparani river, which originates in the 243 

Western Ghats and flows eastwards about 80 km and joins into the Tambaraparani river. The 244 

Chittar river has five tributaries, namely Ayndaruviar, Hariharanadhi, Aludhakanniar, 245 

Hanumanadhi, and Uppodai. The reservoir inflow data used in the modeling was collected 246 

from Hanumanadhi catchment. The catchment area of Hanumanadhi is 168.69 km2.  247 

 248 

The Adavinainar kovil reservoir was constructed across the river Hanumanadhi with a 249 

capacity of 4.95 Mm3. The total dependable annual water yield at the dam site is 17 Mm3. 250 

The reservoir is meant to impound and utilize 9.85 Mm3 in two fillings to augment irrigation 251 

facilities to the extent of 2250 ha under 16 anicuts across the Hanumanadhi river and supply 252 

water to 62 irrigation tanks. The flash floods are stored in all the tanks through respective 253 

anicuts (Soundharajan 2011). Only during the flash floods, water reaches the lower anicuts 254 

and then to the tanks under them. Since the canals are aligned along the contour, the irrigation 255 

return flow from the command areas of the upper anicuts drains into the lower anicuts or 256 

main river. The seepage from the upper command areas also reaches the lower channels, 257 

making the water flow available in the channel even when the upstream head sluices are 258 

closed. This facilitates some of the farmers in the downstream locations to get water even 259 

during non- supply periods (Soundharajan 2011). 260 
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 The opening of the reservoir is usually carried out either on June 1st of every year or when 261 

the storage in the reservoir reaches 1.835 Mm3. Any quantity of inflow to the reservoir after 262 

1st of every month, which raises the storage of the reservoir over and above the specified 263 

level for that particular month, will be let out in the river through river sluice and shared by 264 

the water user associations of the anicuts system. The details of the reservoir, along with 265 

catchment information, are presented in Table 1. 266 

 267 

Table 1 Details of the Adavinainar kovil reservoir irrigation system in Chittar river basin  268 

 269 

The rainfall and weather (i.e., temperature, humidity, wind speed, sunshine hours, and 270 

evaporation) data were collected from Palayamkottai meteorological observatory (maintained 271 

by India Meteorological Department). 272 

The data (rainfall, runoff) collected from 05 November 2003 to 26 October 2006 were used to 273 

develop ANN inflow forecast models. Please note that the values were measured on a weekly 274 

basis. The rainfall and flow data are plotted in Fig 4 to show their temporal variation. The 275 

statistics for the weekly values of rainfall and runoff have been reported in Table 2.  276 

 277 

Fig 4 Data (for the period 5 November 2003 to 26 October 2006) used for model 278 
development: [a] weekly rainfall; [b] weekly runoff 279 

 280 

Table 2 Summary statistics of data used for model development  281 

 282 

4. Results and Discussion 283 

Statistical methods such as cross- and autocorrelation were used to determine the inputs of 284 

the ANN model (Sudheer et al. 2002).  The identified inputs were: [R(t-1), R(t), Q(t-1)], 285 

where R(t) represents the rainfall, Q(t) represents the runoff at any time ‘t’, and the 286 
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antecedent values were represented as t-1. The output was one week ahead forecast of runoff 287 

(i.e., inflow to the reservoir). Together, the combination of input and output forms the pattern 288 

to develop an ANN model. Out of the total number of input-output patterns comprised of 289 

weekly inflow and rainfall values, 110 patterns were used for model calibration, and 46 290 

patterns were used for model validation. The next step was to identify the number of hidden 291 

neurons; for that, a trial and error method was used. It was found that two hidden neurons 292 

were sufficient to achieve desirable model performance compared to their counterparts, 293 

which had more than two hidden neurons. Sigmoidal and linear activation functions were 294 

used in hidden and output layers, respectively.  295 

 296 

4.1. Model input uncertainty  297 

The forced error for correcting the rainfall was sampled from lognormal distribution for 298 

which the parameters, mean was kept as zero, and the standard deviation value was optimized 299 

along with the model calibration. Through this analysis, a standard deviation value of 0.15 300 

was found to be optimal (Fig 5).  301 

 302 

Fig 5 Histogram of rainfall multiplier sampled from the lognormal distribution 303 

 304 

The presented scatter plot (Fig 6) shows the variation of bias along with the measured values 305 

of rainfall. The results suggested that the bias is consistent and varies linearly when the 306 

magnitude of rainfall increases. However, in the case of extreme values of rainfall, low bias 307 

was observed. The obvious reason could be the measurement of the extreme value with 308 

relatively less error. Overall, the average bias of ±10% was estimated to the measured weekly 309 

rainfall values.  310 

 311 
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Fig 6 Two-dimensional scatter plots of observed rainfall against corrected rainfall  312 

 313 

The model performance, including input uncertainty, is presented in Table 3. The 314 

performance of the model was assessed with different statistical measures such as Coefficient 315 

of Correlation (CC), Nash Sutcliffe Efficiency (NSE), Root Mean Square Error (RMSE), and 316 

Mean Biased Error (MBE). It is evident from Table 3 that the model performance was good 317 

in both calibration and validation with CC values of 0.89 and 0.85, respectively. The NSE 318 

statistics during calibration (78.15%) was slightly better than validation (64.19%). The 319 

positive values of MBE during calibration and validation indicated the model of under 320 

prediction. The RMSE obtained during calibration and validation were comparable. Thus, the 321 

model was consistent across these datasets.  322 

 323 

Table 3 Performance indices evaluated during Stage 1 324 

 325 

4.2. Model parameter Uncertainty   326 

For creating an ensemble of simulation from the ANN model, the initial perturbation level of 327 

±20% to the parameters (weights and biases of ANN) was initiated in the GA. Figure 7 shows 328 

the convergence of ensembles within the multi-objective framework. It may be noted that 329 

each point represents the ensemble of simulation through which the forecast interval of the 330 

model output can be constructed. However, the forecast interval should be a trade-off 331 

solution having maximum POC with less AW. Further, it is expected that the ensemble mean 332 

should closely match the observed flow values. In such circumstances, it is a modeler choice 333 

to select the point for further analysis. In this study, a red point (see Fig 7) indicated in 334 

Pareto-front was selected for constructing the prediction interval of model output.   335 

 336 



15 

 

Fig 7 Pareto-optimal front of optimization during ensemble creation   337 

 338 

The performance of the model and the forecast uncertainty is presented in Table 4. The model 339 

performance was consistent during the calibration and validation period with CC values of 340 

0.88 and 0.87, respectively. The NSE value of 77.86% during calibration against the value of 341 

68.82% during validation shows a slightly better estimate of the model during the calibration 342 

period. The positive MBE values of 0.04 m3/s and 0.08 m3/s during calibration and validation 343 

respectively show the underestimation of the model. The ensemble model has an acceptable 344 

level of AW of 0.61 m3/s during calibration and 0.53 m3/s during validation. The POC of 345 

44.55% was observed during calibration, and 31.11% was observed during validation. It is 346 

preferred that the uncertainty interval of forecasted values has more POC with less AW 347 

(Kasiviswanathan et al. 2013; Ye et al. 2014). However, as illustrated in Fig 7, the Pareto 348 

front could not converge more than the POC of 50%. The possible reason could be the 349 

minimum number of training data used in the modeling. Further, unlike hourly/daily flow 350 

values, the weekly flow has large variation, and that could be the potential reason for not 351 

being able to learn the process modeled with high POC. 352 

 353 

Table 4 Performance indices for the mean of the ensemble of the selected points during stage 354 

2  355 

 356 

The forecast interval of the hydrograph corresponding to selected points along with the 357 

observed values is presented in Fig 8 for the calibration and validation periods. It may be 358 

noted from Fig 8 that most of the low flow values are not captured in the forecast interval. 359 

However, the ensemble of model simulations was slightly above zero values. 360 

 361 
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Fig 8 Prediction interval corresponding to the selected ensemble along with 362 
observed flows: [a] calibration (12 November 2003 to 15 December 2005); [b] 363 

validation (22 December 2005 to 26 October 2006) 364 
 365 

It is also to be noted that the width of the forecast interval was wider during the rising and 366 

falling limb of the hydrograph, which could be attributed to higher variability among the 367 

ensembles. However, the forecast interval derived from the ensemble indicates an acceptable 368 

level of plausible error due to uncertainty in the model parameters. Please note that it is not 369 

based only on POC value. From the Pareto front (Fig 7), it is clear that different point 370 

(solution) has different POC and AW values. As POC and AW indices conflict with each 371 

other, an acceptable level of plausible error must be an unbiased selection of point from the 372 

Pareto front (Fig 7) having maximum POC and minimum AW. 373 

 374 

4.3. Uncertainty in optimal irrigation schedules and simulated total crop yield 375 

The total forecast uncertainty in the inflow from the ANN model was propagated into the 376 

simulation-optimization framework for making the decision on the irrigation schedules. From 377 

the real-time simulation-optimization framework, reservoir releases were estimated on a 378 

weekly basis (Fig 9). 379 

 380 

Fig 9 Illustration of real-time reservoir operation 381 
 382 

The number of decision variables was 16, which included 15 weekly water releases from the 383 

reservoir and area to be irrigated (as a fraction of total command area). The forecast lead time 384 

was fixed as 1- week; accordingly, the inflow was estimated from the calibrated ANN model 385 

along with associated forecast uncertainty. However, the crop simulation model requires the 386 

irrigation schedules of the complete season for estimating the total yield. Thus, statistical 387 

historical mean inflow information was used for the rest of the future period of the season 388 
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since the higher lead time forecast of ANN was found to be poor. Each week, the optimizer 389 

updates its future decision variable (reservoir releases) based on ANN inflow forecast, and 390 

previous reservoir releases (if any) were considered as implemented (i.e., the decisions were 391 

made already). As the time progresses, actual inflows were considered for the previous weeks 392 

(i.e., weeks for which the release decision was already implemented), and inflow forecasts 393 

were made only for the rest of the future weeks to use in the simulation as shown in Fig 9. At 394 

the end of each week, the inflow was forecasted from the ANN model for the next one-week 395 

lead time, and accordingly, the reservoir releases were optimized. Thus, the whole framework 396 

was updated on a weekly basis. The whole analysis was carried out for three different 397 

scenarios using (i) the mean inflow forecast of ANN, (ii) the upper inflow forecast of ANN, 398 

and (iii) the lower inflow forecast of ANN.  Based on this, the GA finds the optimized values 399 

of reservoir releases for ensuring maximum crop yield.  400 

 401 

The annual mean and standard deviation of inflow values were calculated and found that 402 

there is no appreciable difference among the years from November 2003 to October 2006 in 403 

the flow dynamics (Fig 4). Thus, the model performance was limited to test the data of Kharif 404 

2005 for estimating the optimal irrigation scheduling and cropping area under rice crop.  It 405 

was evident from the operational framework that the estimated mean prediction of total yield 406 

(6154 tonnes), the total amount of irrigation (24.33 cm), and area of cultivation (2137 ha) is 407 

comparable to the planning framework modeled with actual inflow values (total yield: 6298 408 

tonnes; total irrigation: 35.05 cm; area cultivated: 1984 ha) as shown in Table 5. This 409 

indicates a reasonably accurate forecast of ANN models, which in turn closely matches the 410 

total yield based on the irrigation. It may be noted that the upper and lower values of inflow 411 

produced higher/lower yield, respectively, as one can expect (see Table 5). Based on the 412 

upper and lower value inflow forecast by ANN models, the error to the mean inflow 413 
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simulation was estimated as ±69%. This larger bias could be due to the smaller number of 414 

training data available for the ANN model. It may be noted that this error was an average 415 

value of complete flow series across calibration and validation data. However, the same level 416 

of error was not reflected in the total crop yield simulation. Consequently, the error to the 417 

mean value of simulated total yield, total irrigation, and area of irrigation were ±6.5%, 418 

±13.3%, and ±4.6%, respectively. The reduction in error may be attributed to the optimizer 419 

that can still try to maximize production with the reservoir releases irrespective of inflow to 420 

the reservoir. In addition, the reason for such reduction in error might be, the uncertainty was 421 

considered only in inflow forecast, and all other variables were assumed to be a deterministic 422 

value. In the case of lower simulated values, the lesser the magnitude in simulated crop yield, 423 

and the amount of irrigation may be attributed to lower inflow to the reservoir. Consequently, 424 

the reduction in reservoir releases resulted in less production. In the case of the planning 425 

framework, simulations were performed using observed inflow values of Kharif, 2005, and 426 

historical mean inflow values (average values computed using the complete dataset of the 427 

year 2003-2006). The total yield with less amount of irrigation, i.e., 35.05 cm, resulted by the 428 

simulations performed with observed value (i.e., 6298 Tonne) is higher than the historical 429 

mean value simulation (5590 Tonne). These results suggested that the excess supply of water 430 

(11 cm) in historical mean value simulation might not have been used during the water-431 

sensitive growth stages of the crop, thus reduces overall total yield even with a higher 432 

cultivated area.  433 

 434 

The simulated mean values from the operational framework are comparable with the planning 435 

framework with observed values. However, in the operational framework, less amount of 436 

irrigation (24.33 cm) was applied compared to the planning framework (35.05 cm). The 437 

possible reason might be that the optimizer updates the amount of release on a weekly basis 438 
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rather including the complete observed flow series. Thus, the operational framework, along 439 

with uncertainty information, can better be relied on in the case of decision making. 440 

 441 

Table 5 The summary statistics of estimated uncertainties in irrigation and 442 

simulated crop yield 443 

 444 

The mean, upper, and lower simulated irrigation releases are presented in Fig 10 along with 445 

the planning framework observed values and historical mean value simulation during the 446 

Kharif season, 2005. It is evident from Fig 10 that immediate weeks after transplantation, and 447 

before harvesting stages, the amount of irrigation required was less compared to mid-growth 448 

periods as expected. Due to sufficient rainfall during the first four weeks (see Fig 10 [f]), the 449 

operational framework suggested no or very little irrigation (see Fig 10 [a-c]). Whereas the 450 

‘historical mean’ based irrigation schedule applied a significant amount of irrigation (see Fig 451 

10 [d]), leading to higher total irrigation (46.23 cm) with lower total yield (5590 tonnes) since 452 

the crop does not need that much water during the early stages. In the case of upper 453 

simulation (Fig 10 [b]), higher total yield and area of irrigation could be attributed due to the 454 

higher irrigation at 7th and 12th weeks, coinciding with panicle initiation and grain filling 455 

stages, respectively. 456 

 457 

In the case of the lower simulated values, the less yield might be due to the non-availability 458 

of sufficient irrigation during the panicle initiation (7th week) as well as grain filling (12th 459 

week) stages. The amount of irrigation follows similar patterns in the case of operational 460 

framework, mean simulation and planning framework-observed value simulation. This 461 

indicates the comparably better forecast of inflow values by ANN that closely matches with 462 

observed values. The quantity of irrigation water triggered by the proposed model is based on 463 
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the sensitivity of the crop growth stage to the final yield as well as the water available in the 464 

reservoir (Soundharajan 2011).  465 

 466 

Fig 10 Uncertainties in estimated irrigation after transplanting during Kharif season 467 
between 07 July 07 2005 to 13 October 2005 [a] mean inflow simulation, [b] upper 468 
inflow simulation, [c] lower inflow simulation, [d] historical mean inflow 469 
simulation, [e] observed inflow simulation, [f] observed rainfall (882 mm) for the 470 
corresponding period 471 

 472 

5. Summary and Conclusions  473 

An ANN model was developed to forecast a one-week ahead reservoir inflow. A two-stage 474 

ensemble simulation approach was used in ANN to account for input and parameter 475 

uncertainty for quantifying the uncertainty in the forecasted inflow values. A simulation-476 

optimization framework was proposed to demonstrate the implications of the forecast 477 

uncertainty resulted from ANN models in the decision making (i.e., irrigation water 478 

management in this case). Thus, this framework integrated an ANN inflow forecast with 479 

reservoir simulation and crop simulation models for deriving the optimal irrigation schedule 480 

and area to be irrigated (i.e., operational framework) under water deficit condition. Similarly, 481 

observed reservoir inflow data were used (i.e., planning framework) to derive the above 482 

decisions for comparison. The data from the Chittar river basin, India were used to 483 

demonstrate the proposed modeling framework. It was found that the performance of the 484 

operational framework is better than planning frameworks that support the effectiveness of 485 

the proposed framework. ANN model resulted in a forecast error of ±69% to the mean 486 

inflow. However, comparatively a less error of ±6.5%, ±13.3%, and ±4.6% was found in the 487 

total yield, total irrigation, and area of irrigation, respectively. The reduction in error was 488 

mainly contributed by the optimizer that tries to maximize the production with the reservoir 489 

releases irrespective of inflow to the reservoir. The reliability of the proposed approach can 490 
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be evaluated with upper and lower bounds of simulated values and based on which the 491 

decisions can be made.  492 

 493 
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Table 1 Details of the Adavinainar kovil reservoir irrigation system in the Chittar river basin  616 

River  Hanumanadhi 
Reservoir Capacity (Mm3) 4.95 
Direct and Indirect Command area, ha 2250 
No. of Anicuts downstream of reservoir 16 
No. of tanks  62 

 617 

 618 

 619 

 620 

 621 

 622 

 623 

 624 

 625 

 626 

 627 

 628 

 629 

 630 
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 632 

 633 

 634 

 635 

 636 

 637 
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Table 2 Summary statistics of data used for model development 638 

Statistical value Rainfall 
[mm]  

Runoff 
[m3/s]  

Mean  38.44 0.44 
Standard deviation  58.05 0.69 
Skewness 2.50 3.13 

 639 

 640 

 641 

 642 

 643 

 644 

 645 

 646 

 647 

 648 

 649 

 650 

 651 

 652 
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 655 

 656 
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 660 

 661 



26 

 

Table 3 Performance indices evaluated during Stage 1 662 

Calibration Validation 
CC  NSE 

(%)  
RMSE 
(m3/s)  

MBE 
(m3/s)  

 CC  NSE 
(%)  

RMSE 
(m3/s)  

MBE 
(m3/s)  

 
0.89  

 
78.15  

 
0.34  

 
0.08  

 
0.85  

 
64.19  

 
0.36  

 
0.11 
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Table 4 Performance indices for the mean of the ensemble of the selected points 685 

during stage 2 686 
 

Calibration Validation 
CC 0.88 0.87 
NSE (%) 77.86 68.82 
RMSE (m3/s) 0.34 0.34 
MBE (m3/s) 0.04 0.08 
POC (%) 44.55 31.11 
AW (m3/s) 0.61 0.53 

 687 

 688 

 689 

 690 

 691 

 692 

 693 

 694 

 695 

 696 

 697 

 698 

 699 

 700 

 701 

 702 

 703 

 704 

 705 

 706 
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Table 5 The summary statistics of estimated uncertainties in irrigation and 707 

simulated crop yield 708 

Statistical measures Operational  
framework 

Planning 
framework 

Mean 
simulated 

value 

Upper 
simulated 

value 

Lower 
simulated 

value 

Historical  
mean  
value 

Observed 
value 

Total Yield (Tonne) 6154 6333 5529 5590 6298 
Suggested Irrigation (cm) 24.33 32.66 26.19 46.23 35.05 
Suggested cultivable area 
(hectare) 2137 2175 1980 2219 1984 

 709 

 710 

 711 
 712 
 713 
 714 
 715 
 716 
 717 
 718 
 719 
 720 
 721 
 722 
 723 
 724 
 725 
 726 
 727 
 728 
 729 
 730 
 731 
 732 
 733 
 734 
 735 
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 736 
Fig 1 Block diagram of simulation-optimization framework  737 

 738 
 739 
 740 
 741 
 742 
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 743 
Fig 2 Flowchart describing the quantification of total forecast uncertainty of ANN model 744 

 745 
 746 

 747 
 748 
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 750 
 751 

Fig 3 Study area map (Source: CWR, 2001) 752 
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 766 
 767 
 768 
 769 

 770 
 771 

Fig 4 Data (for the period 5 November 2003 to 26 October 2006) used for model 772 
development: [a] weekly rainfall; [b] weekly runoff 773 

 774 
 775 
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 776 
Fig 5 Histogram of rainfall multiplier sampled from lognormal distribution  777 
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 793 
Fig 6 Two-dimensional scatter plots of observed rainfall against corrected rainfall  794 
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 812 
Fig 7 Pareto-optimal front of optimization during ensemble creation   813 
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 828 
 829 

 830 
Fig 8 Prediction interval corresponding to the selected ensemble along with 831 

observed flows: [a] calibration (12 November 2003 to 15 December 2005); [b] 832 
validation (22 December 2005 to 26 October 2006) 833 

 834 
 835 
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 836 
Fig 9 Illustration of real time reservoir operation 837 

[The numbers in the arrow refers the number of weeks from transplanting to maturity (15 weeks) and for this 838 
duration weekly optimal irrigation schedules have to be developed. ANN model yields the forecasted inflow for 839 
one week ahead. The remaining values are the actual observed inflow and statistical mean of historical inflow 840 
for the past and future periods respectively] 841 

 842 
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 843 
Fig 10 Uncertainties in estimated irrigation after transplanting during Kharif season 844 
between 07 July 07 2005 to 13 October 2005 [a] mean inflow simulation, [b] upper 845 
inflow simulation, [c] lower inflow simulation, [d] historical mean inflow 846 
simulation, [e] observed inflow simulation, [f] observed rainfall (882 mm) for the 847 
corresponding period 848 
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