Evaluating the Performance of the LSTM Model in Forecasting Daily

Inflow the Dam Reservoirs
Abstract

Real-time forecasting of daily inflows to reservoirs with a prediction horizon that extends several steps into the future is crucial
for water resource planning and management. Despite numerous studies on inflow prediction using machine learning methods,
few have investigated the predictive capabilities of these approaches with long lead time (several steps ahead) or gained
insights through systematic comparisons of model predictive performance in the short term. In this study, the daily inflow to
the Seimareh reservoir was predicted for the next 7 days using the Adaptive Neuro-Fuzzy Inference System (ANFIS) and the
Long Short-Term Memory (LSTM) network. For this purpose, daily data on precipitation, temperature and inflow to the
Seimareh reservoir from 2012 to 2018 were used for modeling. The results showed that the performance of the LSTM model
was better than that of ANFIS in the daily forecast in several steps. Specifically, the maximum and minimum values of the
Nash coefficient in the forecast horizon for the next seven days were 0.971 and 0.628 for the LSTM model and 0.858 and
0.393 for the ANFIS model, respectively. The optimal setting of the parameters, including the number of neurons,i
the number of epochs and the stack size in the LSTM model, is the key to the model's high potential to predi flow for

was evaluated and it was found to predict flood discharges with acceptable accuracy up to the for horizon of the next
seven days. These results indicate that the LSTM model is suitable for forecasting daily inflo
decisions in water resource management, especially under flood conditions.
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Evaluating the Performance of the LSTM Model in Forecasting
Daily Inflow the Dam Reservoirs

Extended Abstract

Background and purpose

Real-time forecasting of daily inflows to reservoirs with a prediction horizon that extends several steps into the future is crucial
for water resource planning and management. Despite numerous studies on inflow prediction using machine learning methods,
few have investigated the predictive capabilities of these approaches with long lead time (several steps ahead) or gained
insights through systematic comparisons of model predictive performance in the short term. Therefore, in the present study,
an advanced type of recurrent neural network called the LSTM model has been introduced to predict the daily inflow to dam
reservoirs, addressing the flaws and defects of previously used methods. LSTM is a type of deep learning neural network that
uses complex and combined functions instead of simple functions to regulate and strengthen short-term memory. By optimally
setting modeling parameters such as the number of neurons in each layer, the number of iterations, and{theéspumber of
categories, the LSTM model has a high potential for long-term prediction. Therefore, the purpose of this researchiis tojevaluate
the efficiency of and compare the machine learning models of the Adaptive Neuro-Fuzzy Inference System (ANFIS) and the
Long Short-Term Memory (LSTM) network in predicting the daily inflow to dam reservoirs. Subsequently, the inflow to the
Seimareh reservoir is modeled using these methods, with a particular focus on long-term forecasting (7«ays ahead). Finally,
the superior model is used to predict the inflow to the reservoir under flood conditions. \

Materials and methods

The stages of the research include three main parts: data collection, data pre-processing, and modeling. First, the effectiveness
of the Adaptive Neuro-Fuzzy Inference System (ANFIS) model and the Long Short-Term Memory (LSTM) network was
evaluated to predict the daily inflow to the Seimareh reservoir in the Karkheh basin{¥er a farecast harizon of the next 7 days.
For this purpose, daily data on precipitation, temperature, and inflow to Seimareh frem2012 to 2018 were used for modeling.

Then, using the superior model that is selected based on the evaluation indicators, the daily inflow to the Seimareh reservoir
was forecasted for the next 7 days during the flood of 2019.

Findings

In this section, the evaluation indices of the Nash coefficient, ¢errelation co&ﬁcient, root mean square error, and bias value
for selected models in the forecast horizons of one to seven days arépresefited. For the ANFIS model, the further the prediction
horizon extends, the lower the value of the explanation coefficiént, lcading to decreased performance in simulating abnormal
flow values and an increase in the number of simulated outliers. Regarding the flow simulated with the LSTM model in this
case study, it cannot be said that the accuracy of the simulation decreases as the horizon extends. For instance, in the forecast
horizon of the next seven days, the flow simulation'iSibetter than that/for the next six days, and the performance of the model
for one, two, and five days is better than for the other horizons. In general, the LSTM model has performed well in simulating
abnormal flow values, and the number of simulated outliets is notsignificant across all forecast horizons.

Conclusion

The results showed that the performance of the LSTM model is better than that of ANFIS in daily forecasting several steps
ahead. The maximum and mifiimum values of the Nash(coefficient in the forecast horizon for the next seven days were 0.971
and 0.628, respectively, for the LSTM model, ands0:858 and 0.393 for the ANFIS model. The optimal setting of parameters,
including the number'of neurons in each, layer, the number of iterations, and the number of categories in the LSTM model, is
key to the model's high'potentidhto prédict flow up to the forecast horizon of the next seven days. Finally, the performance of
the LSTM model in predictingithe #iflow to Seimareh during the flood of 2019 was evaluated, and it was found to predict the
flood flows with acceptable accuracy up to the forecast horizon of the next 7 days. This study can provide valuable insights to
water resource managers fopplanning and managing daily reservoir discharge in real-time operations. findings show that the
LSTM model is suitable for forecasting daily flow. Therefore, it can be used to aid strategic decisions in the management of
water resources, especia@ under flood conditions.

Keywords_ daily resérvoir inflow forecast, flood management, long lead-time forecast, machine learning.



