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ESTIMATION OF DAILY RUNOFF USING WATER LEVEL DATA
AND OBSERVED FLOWRATE DATA

Maga Kim*, Jin-Yong Choi® and Jehong Bang3
ABSTRACT

Runoff is a vital factor in water resource planning and water quality management.
Rainfall-runoff processes are affected by the complex relation of watershed factors
such as geographical features, vegetation distribution, land use, soil properties, and
weather conditions. These relationships make the rainfall-runoff processes nonlinear.
Artificial Neural Network (ANN) model is the computational model created by
simplifying the brain structure of a human. ANN models have been applied to
modeling and recreating non-linear natural phenomena such as weather or
hydrological data. Once an ANN model has been trained it can be utilized to predict
the outcome of a process. In Korea, the Korea Rural Community Corporation (KRC)
has been collecting the reservoir water level data every 10 minutes, and a flow
observation net has been created to collect runoff flow data. Knowing the volume of
runoff from a watershed means that the inflow into the reservoir can be estimated
using the reservoir water level and evaporation data in the non-irrigated period via a
water balance method. Observed flow data can be used as runoff from a watershed
at the observation point. Therefore in this study, the ANN model was utilized to
predict daily runoff. Reservoir water level data and observed flow data were used for
training the ANN model. The ANN model consists of three layers including input,
hidden, and output layer. Runoff data obtained from reservoir water level, the
observed flow, weather data, watershed characteristics, and others applied as input
data to the ANN model. This dataset was divided into training dataset and test
dataset. These two sub-sets of the data were used to train and verify the ANN model.
The sigmoid function, which is commonly used for the ANN models, was applied as
the activation function of the hidden nodes. The softplus function, which gives only
positive results, was applied as the activation function of the output nodes. The
results of each model run were evaluated by comparing with the target data. They
were also compared with the results of the TANK model which can estimate the runoff
of the watershed with input data of the ANN model. This study is useful for estimating
and predicting the daily inflow to the reservoir. It is also helpful for managing water
resources and operating the reservoirs.
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1. INTRODUCTION

Runoff is the crucial factor for hydrological analysis to manage water resources (Ahn
et al., 2002). Hydrological analysis of runoff is divided into long-term runoff analysis
and flood analysis. Especially, long-term runoff, continuous hydrological event, is
used for a determination of reservoir capacity, using irrigation water for multipurpose,
development and management of water resources and establishment of water
resource plans (Yoon et al., 1998).
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The reaction of the watershed, which is the unit of water resources production,
causes runoff. To interpret and predict these rainfall-runoff phenomena, deep
understanding of the rainfall-runoff process should be necessary. But because the
watershed, which is the connector of the rainfall-runoff process, is made up of
complex characteristic factors such as topography, vegetation, land use, soil, and
weather condition, the watershed induces a non-linear change. The existing linear
models have disregarded interpretation of non-linear data in the past, but it can be
possible because of advances in computation recently (Oh et al., 2008). The atrtificial
neural network (ANN), which imitates the calculation process of human (Lee and
Park, 2003), can model natural phenomena that have a non-linear characteristic such
as meteorological or hydrological event. Because of these features, the ANN models
are utilized in many realms of water resources and environment, rainfall-runoff
interpretation, rainfall distribution, drought, groundwater flow (Choi and Kang, 2000).
In this study, the prediction of daily runoff using the ANN model is carried out. To train
the ANN model, reservoir watershed runoff data, which are generated from reservoir
water level data in the non-irrigation period, and measured flow data were used. Also,
the predicted runoff is compared with results of the TANK model.

2. METHODS
2.1 Artificial Neural Network (Ann)

The ANN model, which simplifies the neuron and synapse of the human brain, is the
computational model, made up of simple operators combinations. The ANN model
can solve the problem only with given data, even if there's no algorithm or direct
solving method (Yeo et al., 2010). Also, ANN models are valuable for modeling
complex non-linear and multi-dimension In-Out relation.

The processing nodes, which are arranged on each layer, are the fundamental
components of the ANN model. The outputs of the nodes from a layer deliver to
nodes of the next layer through connection strength (Ryu et al., 2002). Multi-layer
perceptron (MLP), which is the typical structure of ANN models, consist of more than
three layers mostly (Seo et al., 2017). The layer where information are entered called
the input layer and the layer on which processed information appears called the
output layer and all of the layer between the input layer and output layer called the
hidden layer. The hidden layers can be many depending on the structure of the ANN
model (Atkinson and Tatnall, 1997).MLP with hidden nodes, which is consist of three
layers, performs the same operation as following equation.
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where x = {x;,i = 1, 2,---,n}: input vector, f: activationfunction, o(x): output vector, wy:
bias for output nodes, w;: connection strength, w;; = {wi]-,i =1, 2,---,n}: connection
strength vector of /™ hidden node, w,;: bias for j™ hidden node (Gunther and Fritsch,
2010) Fig 1 is the general structure of MLP which has No. of n; input nodes, n,
hidden nodes, and n;, output nodes.
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Figure 1 General structure of multi-layer perceptron
2.2 TANK Model

TANK model, which is developed by Sugawara, is a conceptual rainfall-runoff model
(Sugawara, 1972). TANK model has a comparatively simple algorithm for
interpretation of complex rainfall-runoff phenomena and needs less input data and
parameters (Koo et al., 2006). TANK model consists of three or four conceptual
tanks, and each tank has two or three discharge outlets. TANK model assumes the
watershed as three or four stages of tanks, and carry out the runoff interpretation of
watershed by optimizing parameters. TANK model simulates rainfall,
evapotranspiration and surface runoff in the upper tank, and simulates interflow and
infiltration conceptually by water transfer between each tank. TANK model has
advantages that can be applied to watershed lacking in observational data because
necessary input data and parameters for runoff interpretation are few, but it cannot
ensure runoff interpretation for a watershed where parameters are not known (Kim
and Kim, 2012).

Kim and Park (1988) suggested a modified 3-TANK model, which has three tanks and
four discharge outlet, for upper stream watershed of the agricultural reservoir of
Korea. In this study, the modified 3-TANK model is used for the estimation of runoff.
The parameters of the TANK model are calculated according to the regression
equations suggested by Kim and Park (1988). The modified 3-TANK model estimate
runoff according to the following equations.

where Q,: total runoff on day ¢t (mm), i: No. of tanks, j: No. of discharge outlet, ST;,:
storage water level of i""tank according to unit time ¢ (mm), h;;: height of j™Mdischarge
outlet in i"tank (mm), a;;: coefficient of j"discharge outlet in i "tank

STl,t = STl,t—l + R, — ET; — Il,t - Q1,t—1
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STi,t = STi,t—l + Ii—l,t—l - Ii,t - Qi,t—l

whereR,: precipitation on day t (mm), ET,: evapotranspiration on day t (mm), Q;,:
discharge of i" tank on dayt (mm), I; . infiltration of i"™ tank on dayt (mm)

Qi = (STi,t - hij) X Q;j

Iiy = ST; ¢ X b;

where b;: infiltration coefficient of i" tank (Ahn et al., 2015)

Figure 2 is a schema of the estimation process of the modified 3-TANK model.
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Figure 2. schematic of the modified 3-TANK model (Kim and Park 1988; Song, 2017)

3. RESULTS AND DISCUSSION

In this study, the ANN model estimated runoff of watershed WS, TG, BW1, and BW3
and the results of each watershed were evaluated comparing with generated runoff
data using reservoir water level and measured runoff data. Table 1 presents the
statistical parameters for each verification period.

Watershed model R? RMSE (mm) MAE (mm)
TANK 0.11 0.82 0.58
Wangsong (WS) ANN 0.05 0.67 0.46
TANK 0.20 4.44 132
Togyo (TG) ANN 0.44 3.21 0.83
TANK 0.47 538 1.97
Bawol BW1 ANN 0.51 2.98 158
B3 TANK 0.71 554 2.29
ANN 0.59 6.14 2.50




1-7 September 2019, Bali, Indonesia W.1.3.24
In the case of WS, RMSE and MAE are less than 1 mm for both ANN and TANK
model, and R? is 0.05 for the ANN model and 0.11 for TANK model. Both ANN model
and TANK model seem to unsuitable for WS watershed. In the case of TG, RMSE
ans MAE are 3.21 mm and 0.83 mm for the ANN model, 4.44 mm and 1.32 mm for
TANK model. R? is 0.44 for the ANN model and 0.20 for TANK model. The ANN
model reflects the tendency of generated runoff better than TANK model. WS and TG
applied generated runoff data for training ANN model. But water level data cannot
represent only runoff because it is affected by inflow (watershed runoff) and outflow
(release). Even in the non-irrigation period, there is outflow for flood control, canal
management, environmental water. It seems that WS reservoir was more affected
these outflow factors because WS reservoir has much less effective storage than TG
reservoir. It makes generated runoff data, which means training dataset,
inappropriate.

In the case of BW1, RMSE and MAE are 2.98 mm and 1.58 mm for the ANN model,
5.38 mm and 1.97 mm for TANK model. R? is 0.51 for the ANN model and 0.47 for
TANK model. In the case of BW3, RMSE and MAE are 6.14 mm and 2.50 mm for the
ANN model, 5.54 mm and 2.29 mm for TANK model. R? is 0.59 for the ANN model
and 0.71 for TANK model. Both ANN model and TANK models show similar
performance. In the BW1 case, the ANN model is slightly better than TANK model,
and in the BW3 case, ANN model is worse than TANK model. The ANN model needs
sufficient training of dataset to have appropriate performance. But measured flow
data for BW1 and BW3 are restricted in aspects of No. of data. It seems to disturb
training of the ANN model. In the case of BW3, precipitation was much higher in July
especially, and in the other months, which had respectively lower precipitation, had
zero or near the zero measured runoff values. This runoff data distribution also can
disturb training of the ANN model. Also, because TANK model tends to estimate
runoff value smaller than measured runoff data, it can affect statistical parameters.
Fig 3-6 are scatter plot of the ANN model and TANK model compared with generated
runoff data and measuring runoff data.
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Figure 3. Scatter plot of (a) ANN model result, (b) TANK model result compared with
observed runoff data for WS
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Figure 3. Scatter plot of (a) ANN model result, (b) TANK model result compared with
observed runoff data for TG
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Figure 3. Scatter plot of (a) ANN model result, (b) TANK model result compared with
observed runoff data for BW1
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4, CONCLUSIONS

In this study, the ANN model and TANK model were capplied to estimate runoff of
Wangsong watershed (WS), Togyo watershed (TG) and sub watershed BW1 and
BW3 of Banwol reservoir. The results of each model was evaluated by comparing
estimation runoff data with generated runoff data and measured runoff data.

In the case of WS, both the ANN model and TANK model showed low R2, that means
both models cannot reflect the tendency of the generated runoff data in WS
watershed. In the case of TG, the ANN model show better performance than TANK
model. The ANN models for WS and TG generated runoff data as training data.
Because the reliability of the generated data is lower than well-measured data, it can
be a hindrance in training the ANN model. Also, although water level data of the non-
irrigation period were used to generated runoff data, there are factors except inflow
(reservoir watershed runoff) affecting the reservoir water level. It makes the reliability
of generated runoff data lesser. Because Wangsong reservoir has a much smaller
capacity than Togyo reservair, it seems Wangsong reservoir is more affected by such
factors.

In the case of BW1, the ANN model shows slightly better performance than TANK
model. In the case of BW3, TANK model shows better performance. In the case of
BW1 and BW3, the ANN model used measured data. But because No. of measured
data being less, ANN model cannot have sufficient training dataset. In the BW3 case,
measured data has many zero or near the zero values, especially in the verification
period of data. A significant difference in the training dataset and testing dataset can
cause lower performance in the ANN model. That can be one of the causes that the
ANN model shows worse performance than TANK model in the case of BWS3.

The variation of TANK model was more significant than the ANN model at some of
the points. This tendency is intensified as runoff value becomes higher. Although the
training data of the ANN model has restriction such as No. of data, reliability, gap
between training data and testing data, the ANN model shows similar or better
performance as compared to the TANK model. It seems to be possible to get better
performance by utilizing appropriate dataset.
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