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Abstract

Hydrological prediction under climate change requires representative data selection and
adaptable model architecture. This study proposes a two-part methodology to improve
deep learning performance in hydrological prediction. The first component, the represen-
tative hydrograph extraction technique (RHET), identifies representative inflow patterns
from historical records using dynamic time warping (DTW) and K-medoids clustering.
Inflow data are segmented by year, annual DTW distances are calculated, and central events
are selected. Representative hydrographs serve as training input. The second component
is the auto-setting artificial neural network (AS-ANN). The AS-ANN automatically deter-
mines its structural parameters by performing pre-training to evaluate performance across
different configurations. The proposed approach was applied to the Daecheong Dam basin
in South Korea and compared against an artificial neural network (ANN). Results show
that the proposed model reduced the minimum root mean squared error (Min RMSE) by
approximately 267.51 m3/day in the validation results and by approximately 53.04 m3/day
in the prediction results compared to the ANN. Furthermore, the proposed model reduced
the root mean square error by 57.28% and improved peak inflow prediction accuracy
by 54.00%. The proposed RHET-based AS-ANN is expected to show good performance
in learning and predicting hydrological data, including the data used in this study, by
replacing existing ANNs.

Keywords: hydrological prediction; representativeness; representative hydrograph;
k-medoids clustering; Daecheong dam

1. Introduction
Dams are social infrastructures that stabilize water availability and mitigate floods

and droughts [1]. Dams minimize human casualties downstream of the dam through water
management such as flood control [2]. Dams should be utilized to reduce human casualties
through efficient water management. In particular, the use of dams is essential in areas
where flood and non-flood seasons are clearly distinguished by season. This is because if
less than the average rainfall occurs in a certain period in the basin and the dam reservoir
is not filled with water, damage, such as water shortages and droughts, may occur [3]. In
the opposite case, if more than the average rainfall occurs in the basin, floods may occur in
the downstream area [4].
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In the case of South Korea, strong seasonality is observed [4]. According to the
annual average precipitation in South Korea from 1981 to 2021, approximately 55.3% of
precipitation is concentrated in the flood season from June to August [5,6]. Therefore, in
the case of South Korea, damage from natural disasters occurs a lot during the flood season.
According to the National Assembly Budget Office in South Korea, damage costs caused by
typhoons and heavy rains in South Korea accounted for approximately 88.4% of the annual
damage costs [7].

Recent changes in weather have increased the volatility of hydrological data compared
to data constructed in the past. For example, in the case of Daecheong dam located in the
Geumgang river basin in South Korea, according to the Water Management Information
System (WAMIS), when looking at the data from the past 12 years, the inflow in 2023 was
approximately 121% of the inflow in 2022 due to extreme rainfall during the flood season
(https://www.wamis.go.kr/, accessed on 8 August 2025). Therefore, in order to predict
a rapid increase in dam inflow like Daecheong dam, learning and prediction using deep
learning (DL) are essential.

DL is a data-based model that learns and predicts by distinguishing input and output
data based on the constructed data. DL can be seen as a core technology of the industrial
revolution due to its advantage of being able to produce results with high accuracy [8].
However, the biggest drawback of DL and the main problem that needs to be solved is
overfitting of the training data [9]. DL performs representation learning based on internal
operations on the nonlinear characteristics of the data given for learning [10]. If overfitting
occurs during the learning process, DL begins to learn only random regularities for the
training data [9]. Overfitting occurs when data different from the pattern of data used in
the learning process is input during the prediction process [11]. When overfitting occurs,
DL improves learning performance, but prediction accuracy decreases [12]. However, DL
is generally used in the process of deriving future prediction values through learning and
prediction using long-term measurement data [13,14]. If the pattern of the measurement
data constructed in the process of using long-term measurement data is different from
the pattern to be predicted, there is a possibility that the prediction performance of DL
may deteriorate. Therefore, the pattern of the data must be considered when predicting
hydrological data using DL. If DL is performed using all of the past 12 years of data,
overfitting may occur, resulting in reflecting only the past data pattern.

There are two main methods for constructing optimal data to prevent overfitting.
The first is input data construction based on analysis of individual input features. Input
feature selection plays a crucial role in the simulation process using soft computing models,
including DL [15]. Representative examples of input feature selection include principal
component analysis (PCA) and subset selection by maximum dissimilarity (SSMD) [15,16].
Among input feature selection techniques, SSMD generates subsets based on the data and
selects training and test sets to ensure stable statistical characteristics, such as maximum,
minimum, and standard deviation [16]. However, PCA and SSMD, which select input fea-
tures that constitute input data, have limitations in constructing training data that consider
patterns in the established long-term data. A second method for constructing optimal data
to prevent overfitting is representative data selection, which considers data patterns. As
mentioned earlier, overfitting occurs when data that differs from the data patterns used
in the DL process is input during the prediction process. Therefore, when constructing
long-term data, it is necessary to eliminate biased data during the learning process.

Previous research has utilized deep learning to predict the inflow of Daecheong Dam
with high accuracy. Ref. [17] proposed Adaptive Moments Combined with Improved
Harmony Search (AdamIHS), which improves the optimizer operator of ANNs based
on a multilayer perceptron (MLP) in DL. Using the proposed AdamIHS, they trained

https://www.wamis.go.kr/


Water 2025, 17, 2689 3 of 19

and predicted the inflow of Daecheong Dam, located in South Korea. The MLP with the
proposed AdamIHS demonstrated higher accuracy than the existing MLP. Ref. [18] used a
DL with an improved optimizer to analyze the influence of input factors on the input data,
constructing an optimal input dataset for training and prediction of Daecheong Dam inflow.
This study used a DL with a new optimizer and analyzed the influence of input factors
through XAI analysis to construct new input datasets for training and prediction. However,
these studies focused solely on improving the optimizer operator in DL. Because the focus
has been on improving the internal operators of DL, research on preventing overfitting
caused by hidden layers and hidden nodes has been limited.

DL should improve the learning performance of deep learning by using long-term
measurement data, but overfitting caused by data should be prevented. If insufficient data
preparation is performed, DL performance may deteriorate, and overfitting may occur [19].
In addition, the complexity of DL should be optimized through optimization of the number
of DL cycles and structure [20]. In order to prevent overfitting, the data input to DL and
the structure of DL should be optimized. In this study, new method was applied to control
overfitting to the structure to prevent overfitting caused by hidden layers and hidden nodes
that were not previously considered. There are four main ways to control overfitting for
the structure of DL. First, the user manually designs the structure of DL before learning,
second, the structure of DL is designed according to the learning process, and third, the
structure of DL is redesigned when the learning performance of DL is not good [21]. Fourth,
there is a ground-based review of basin-related time-series data, such as hydrological and
meteorological data. DL uses existing data to classify input and output data and then learn
to produce prediction results. Therefore, it is essential to construct input data based on data
highly relevant to the output data to be predicted. In order to prevent overfitting of DL, the
variability and diversity of data input to DL must be considered. In order to prevent data
different from the pattern of data used in the learning process from being input during the
prediction process, optimal data including diversity must be constructed.

In this study, a data construction technique and a DL construction technique are
proposed to improve the usability and performance of DL in the hydrological application
process. The data construction technique is a representative hydrograph extraction tech-
nique (RHET) that has representativeness based on the entire constructed data. The RHET
is a method that extracts representative hydro events by utilizing unsupervised learning
among long-term data. The DL construction technique is an auto-setting neural network
(AS-ANN). The AS-ANN is an artificial neural network (ANN) that selects its own structure
during the learning process among DLs. The AS-ANN is a technique developed based
on the concept of designing the structure of DL according to the learning process. The
AS-ANN is a technique that proposes a self-adaptive method for selecting all operators for
the structure of DL in advance. To compare the performance of the proposed technique, the
AS-ANN with the RHET was applied to the same target basin as the existing ANN. The tar-
get basin is Daecheong dam in South Korea. The input and output data for the DL used to
predict Daecheong dam inflow were collected from WAMIS (https://www.wamis.go.kr/).

2. Methodology
2.1. Overview

The purpose of this study is to improve the verification and prediction accuracy
compared to the existing DL by utilizing the input data of DL produced based on the RHET
and AS-ANN. Therefore, the development of two technologies is targeted. The first is
the development of the RHET and the second is the development of the AS-ANN. The
accuracy of inflow prediction was compared by applying the RHET and AS-ANN to the
Daecheong dam basin. The data for DL training is 12 years of long-term data (daily data
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from 2013 to 2024), and the data for verification is 2 years of data (daily data from 2022 to
2023). Figure 1 is a conceptual diagram showing the learning and prediction process based
on the proposed RHET and AS-ANN.

Figure 1. Conceptual diagram of production of representative hydrograph and AS-ANN.

According to Figure 1, the technology proposed in this study consists of two parts.
First, there is a representative hydrograph calculation using dynamic time warping (DTW)
based on existing measured data [22]. The optimal hydrograph is calculated by calculating
the DTW for each year based on the data on the inflow measured in each year. Second,
there is the AS-ANN that builds a structure through pre-learning based on the existing
ANN. The AS -ANN is a method to set the ANN based on the structure that shows the
optimal error in the pre-learning process. Finally, in this study, we compare and analyze the
performance of the proposed technology through verification and prediction after learning
the AS -ANN using the RHET, with DTW as learning data.

2.2. Representative Hydrograph Extraction Technique

DL learns and predicts through internal operations based on data constructed for
learning. However, if there is a large difference between the training data and the verifi-
cation data, overfitting occurs in DL [23]. In other words, if learning is performed only
by relying on the patterns of the learning data in the learning process using DL, if a new
pattern different from the existing pattern is input as verification or prediction data, the
error in the output results will be large. The reason why overfitting occurs in the learning
process of DL is that there are situations where only limited patterns are learned due to
the lack of diversity in data [24]. The situation where overfitting occurs in terms of data is
conceptually represented as in Figure 2.

According to Figure 2, the data patterns of the training data are different from the data
patterns of the verification data. It can be seen that the results produced by the DL learned
using the training data are different from the verification data when a new pattern of input
data is input. This situation is that the DL that learned the pattern of the DL’s training data
produces an incorrect result when a new pattern of verification data is given.

DL performs representation learning that learns nonlinear patterns based on the given
data [10]. If training data that reflects various nonlinear patterns is not used in DL, the
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possibility of overfitting increases. Therefore, when the training data is collected over a
long period of time, it is necessary to select the data so that overfitting does not occur
during the DL process.

Figure 2. Overfitting situation caused by data.

The RHET proposed in this study generates a representative hydrograph through
unsupervised learning of machine learning based on long-term accumulated data. The
representative hydrograph is selected based on the output data, which is the depen-
dent variable. The process of generating a representative hydrograph using the RHET is
as follows:

1. Establishment of full-period data for the target basin;
2. Division of data by year;
3. Calculation of mutual DTW by annual event using the results of 2;
4. Selection of the center point using DTW-based K-medoids clustering;
5. Selection of data based on the center point.

According to the RHET process, it can be seen that the mutual DTW of the collected
annual event data is calculated and clustering is performed through unsupervised learning,
K-medoids clustering. Therefore, the RHET is largely conducted using DTW and K-
medoids clustering. DTW is a technique for measuring the similarity of two time series
data. The process of calculating DTW between two time series is as follows:

DTW(i, j) = d
(
xi, yj

)
+ min


DTW(i − 1, j)
DTW(i, j − 1)

DTW(i − 1, j − 1)
(1)

where DTW(i,j) is the DTW value between the data of i and the data of j, and d(xi, yj) is the
Euclidean distance between the two data of i and j. d(xi, yj) can be organized as follows:

d
(

xi, yj
)
=

√(
xi, yj

)2 (2)

where xi is the i-th data of time series data x, and yj is the j-th data of time series data
y. Mutual DTW is calculated and matrixized using DTW based on annual measured
hydrological data. Medoids are then produced through K-medoids clustering based on the
annual mutual DTW matrix.

K-medoids clustering is a type of clustering technique that groups given data through
clustering [25]. Clustering techniques can be broadly divided into K-mean clustering
and K-medoids clustering. K-mean clustering is a method of selecting k center points
and assigning all objects to the selected center points [26]. K-mean clustering has low
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computational cost, but is sensitive to outliers [27]. K-medoids clustering was used due
to the shortcomings of K-mean clustering. Unlike K-mean clustering, which uses center
points as average values, K-medoids clustering selects center points based on actual input
data [28]. Therefore, K-medoid clustering has the characteristic that the objects represented
by the center points can be viewed as actual data. Figure 3 is a conceptual diagram showing
the operation results of K-mean clustering and K-medoid clustering.

 

Figure 3. Centroid and medoid derivation results using K-mean clustering and K-medoids clustering.

According to Figure 3, K-mean clustering generates a virtual centroid based on the
given original data, and K-medoids clustering selects medoids from the actual data. There-
fore, it can be seen that K-medoids clustering is suitable for selecting representative actual
data. In this study, the distance is analyzed using DTW based on the data for each event in
each year, and this is used as the input data for K-medoids clustering. Ultimately, the central
data is intended to be selected based on the actual data using K-medoids clustering. The
entire process of producing a representative hydrograph using the RHET is conceptualized
and represented as shown in Figure 4.

According to Figure 4, DTW for time series is obtained based on a large number of
collected training data and a DTW distance matrix is created. K-medoids clustering is
performed based on the DTW distance matrix. Figure 4 explains the clustering process
using a two-dimensional coordinate plane for conceptualization (in detail, K-medoids
clustering performs clustering by utilizing the DTW distance between other datasets based
on an arbitrary dataset among the DTW distance matrices.).

Using the RHET, representative hydrographs are selected for the set number of clusters.
The selected hydrographs are medoids of the clusters, and since they are medoids, actual
data selection is possible. The RHET selects representative hydrology data for each cluster
through clustering based on the constructed hydrology data. The final result produced
using the RHET is data representing the constructed hydrology data.



Water 2025, 17, 2689 7 of 19

 

Figure 4. Conceptual diagram of representative data selection method of RHET with DTW and
K-medoids clustering applied.

2.3. Auto Setting Artificial Neural Network

DL, including the ANN, sets the structure and internal operator parameters to build the
structure of DL for learning and prediction. The structural parameters include the number
of hidden nodes and the number of hidden layers. The internal operator parameters include
the activation function and the optimizer. The description of the structural parameters and
internal operator parameters is as shown in Table 1.

Table 1. Category and description by DL parameters.

Category Parameter Description

Structure
parameter

Hidden node A node existing in the hidden layer, one of the variables that determines
the complexity of DL during the learning and prediction process.

Hidden layer A layer added between the input and output layers for nonlinear learning
and high-accuracy learning of DL (a layer containing hidden nodes)

Internal operator Activation function An operator that determines whether information is transmitted during
the process of transmitting information from node to node.

Optimizer Operator that searches for weights and biases that produce minimum
errors during the learning process of DL based on training data

According to Table 1, DL consists of four main parameters. The four main parameters
are set by the user based on their experience. DL performance is affected by the structure
and internal operator parameters. Therefore, the trial and error method should be used
to set the optimal structure and internal operator. In order to improve the usability of
the existing DL and increase the usability while improving the learning and prediction
performance, the DL with the self-adaptive method should be used. The proposed AS-ANN
is a DL with the self-adaptive method based on pre-learning. Table 2 is the pseudo code of
the AS-ANN.
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Table 2. Pseudo code of AS-ANN.

Input: Input data (X), Output data (Y)
Output: Optimal (Layer, Node, Activation, Optimizer) combination with lowest RMSE

Step 1: Determine optimal number of nodes
For node = 1 to max_node:

For r = 1 to Number of repeats:
Build ANN with 1 hidden layer of size ‘node’, activation = ‘ReLU’
Compute RMSE on validation set

Compute average RMSE for this node
If RMSE decreases 4 times and increases once:

Break
Select node with lowest average RMSE → best_node

Step 2: Determine optimal number of layers
For layer = 1 to max_layer:

For r = 1 to Number of repeats:
Build ANN with ‘layer’ hidden layers using best_node and activation =
‘ReLU’
Compute RMSE on validation set

Compute average RMSE for this layer
If RMSE decreases 4 times and increases once:

Break
Select layer with lowest average RMSE → best_layer

Step 3: Search best activation and optimizer
For activation in {ReLU, tanh, sigmoid}:

For optimizer in {Adam, Nadam, SGD}:
For r = 1 to R:

Build ANN with best_layer hidden layers and best_node per layer
Use given activation and optimizer
Compute RMSE on validation set

Compute average RMSE for this combination
Select (activation, optimizer) with lowest average RMSE → best_act, best_opt

Return: best_layer, best_node, best_act, best_opt

According to Table 2, the AS-ANN is finally set through three stages. The first stage
is to set the number of hidden nodes, the second stage is to set the number of hidden
layers, and finally the activation function and optimizer. The AS-ANN sets hidden nodes,
hidden layers, activation functions, and optimizers during the learning process. Therefore,
the training data is used, and the hidden nodes, hidden layers, activation functions, and
optimizers are selected and then verified based on the data. For AS-ANN development,
Python 3.9 software was used, and the development was performed in an environment
equipped with a 2.90 GHz Intel (R) Core (TM) i7-10700 CPU (Intel Corporation, Santa Clara,
CA, USA) and an NVIDIA Geforce GTX 1660 GPU (NVIDIA Corporation, Santa Clara,
CA, USA). Training, validation, and prediction were also performed independently in the
same environment.

According to the first stage, initially, hidden nodes are placed based on one hidden
layer. The placement of hidden nodes increases from 1 and stops according to the criteria
defined by the user. In this study, the root mean squared error (RMSE) is set assuming
that the number just before the increase is optimal in the process of decreasing and then
increasing four times in succession. According to the second stage, hidden layers are set.
The setting of hidden layers is performed in the same way as the first stage. According to
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the third stage, the optimizer and activation function are set. In the case of the optimizer
and activation function, since there is no concept of increasing or decreasing, the operator
showing the lowest RMSE is selected based on the results of the combination. The RMSE
for operator selection is calculated through internal calculations. The error between the
AS-ANN learning results and the observed values (correct or true values) is analyzed. The
error analysis was not linked to an external program, but rather was performed through
internal function calls within the Python program.

3. Results
3.1. Study Area

In order to analyze the performance of the RHET-based AS-ANN proposed in this
study, the inflow of Daecheong dam located in Cheongju, South Korea was predicted.
Daecheong dam is a multipurpose dam that plays the role of water management and flood
control. According to the inflow of Daecheong dam measured in the past, the inflow has
changed due to extreme rainfall caused by recent weather changes. The maximum daily
inflow from 2013 to 2019 was approximately 2004.4 m3/day. However, on 9 August 2020,
Daecheong dam recorded an inflow of 7596.6 m3/day, which is approximately 379% of
the past inflow. According to a report by the Ministry of Environment of the Republic of
Korea, on 9 August 2020, Daecheong dam exceeded the flood season limit water level (EL.
76.50 m) of Daecheong dam due to the continuous inflow, recording EL. 77.54 m [29]. Due
to the increase in inflow from Daecheong dam, the discharge volume was rapidly increased,
and the highest annual water level was measured in the river directly downstream of
Daecheong dam [29]. Due to the rapid fluctuation of inflow from Daecheong dam, there
were damages to life and property in the upstream and downstream of Daecheong dam.
Therefore, this study aims to predict the inflow of Daecheong dam with high accuracy using
the RHET and AS-ANN based on the existing measured hydrological data as a preemptive
measure to prepare for the fluctuation of inflow due to extreme rainfall caused by abnormal
climate. Figure 5 is a diagram showing the study area.

Figure 5. Study area and observation station status.

According to Figure 5, a total of 17 input data are used to predict the inflow of
Daecheong dam. The input data was selected based on a previous study predicting the
inflow of Daecheong Dam [18]. The 17 input data are organized into three categories. The
first is the discharge amount of the upstream dam, the second is the rainfall observation
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station data, and the third is the water level observation station data. The detailed input
data organized by each category are as shown in Table 3.

Table 3. Input data for predicting Daecheong dam inflow.

Category
(Number of Input Data) Input Data

Dam discharge
(1) Yongdam dam

Water level data
(4)

Sangyegyo
Yangganggyo
Choganggyo

Yeouigyo

Rainfall data
(12)

Boeun
Cheongnamdae

Secheon
Okcheon
Geumsan
Jucheon

Jinan
Cheongsan
Yeongdong

Gagok
Muju

Donghyang

According to Table 3, out of the total number of collected input data, 1 is the discharge
amount of Yongdam dam, an upstream dam, 4 are data from water level observation
stations between Yongdam dam and Daecheong dam, and 12 are data from rainfall obser-
vation stations near the target basin. Data were collected by input data category to establish
basic data for applying the RHET.

3.2. Collection of Hydrological Data and Application of RHET

In order to predict the inflow of Daecheong dam, where the recent maximum daily
inflow has been extremely variable due to climate change, daily data were collected since
2013. Starting from 2013, hydrological and meteorological data were collected for 2024,
including 2020, when the maximum daily inflow changed. The collected data are the
same as the input data in Table 3. Based on the collected data, learning, verification, and
prediction data for DL, including the AS-ANN, were constructed.

To compare the performance of DL learned based on the constructed data and the
performance of the AS-ANN learned based on the RHET, hydrological data were con-
structed using two methods. The first is the traditional input data construction method.
In order to learn DL based on the constructed data, data from 2013 to 2024 were used,
data for verification from 2022 to 2023, and data for prediction from 2024. The second is
the RHET-based input data construction method. In order to learn the AS-ANN based on
the RHET, representative hydrographs through the application of the RHET were used as
learning data, data for verification from 2022 to 2023, and data for prediction from 2024.

Based on the constructed data, data preprocessing was applied to improve the learning
and prediction performance of DL including the AS-ANN. The applied data preprocessing
is normalization and time lagged cross correlation (TLCC). Normalization is a method
applied when the deviation of the constructed data is large, and can improve the learning
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and prediction performance of DL when applied [30]. The normalization formula is
as follows:

Ni =
xi − xmin

xmax − xmin
(3)

where Ni is the i-th data converted using normalization, xi is the i-th raw data, xmax is the
maximum value of the raw data, and xmin is the minimum value of the raw data.

Arrival time refers to the time when the impact of an event, including rainfall, reaches
the target point when an arbitrary event occurs [31,32]. Therefore, the arrival time must
be considered when constructing data to simulate deep learning. TLCC analyzes the
correlation coefficient by delaying the input or output data by a constructed time unit until
the absolute value of the correlation coefficient is the highest. The cross correlation formula
used to calculate TLCC is as follows:

CC =
∑n

i = 1(xi − x)× (yi − y)√
∑n

i = 1(xi − x)2 ×
√

∑n
i = 1(yi − y)2

(4)

where CC is the correlation coefficient, xi and yi are the time series data, x and y are the
average value of the xi and yi. When applying TLCC to data collected to predict inflow to
Daecheong Dam within the target basin, all 17 input data items showed a lag time of one
day. Therefore, to apply TLCC, the input data was constructed by delaying the output data
by one day.

The RHET was applied based on data to which data preprocessing was applied. The
number of clusters must be set to apply the RHET. In this study, the number of clusters
was set to 2 in the process of applying k-medoids clustering after calculating DTW to
select hydrological data that best represents the variability of flood season data. The RHET
constructs a distance matrix using DTW and then performs clustering. The conceptual
representation of the clustering process is shown in Figure 4. In the process of clustering
hydrological data, in order to best represent the variability of data, traditionally measured
hydrological data and hydrological data with a lot of variability must be selected. Therefore,
the hydrological data were clustered into two groups and then medoids were selected. The
representative hydrograph of the inflow of Daecheong dam selected by applying the RHET
is shown in Figure 6.

 

Figure 6. Application results of RHET.

According to Figure 6, the representative hydrographs of the Daecheong dam inflow
produced by the RHET are from 2013 to 2024, and are from 2017 and 2023. The hydrographs
of 2017 and 2023 have different characteristics. The biggest characteristic of the hydrographs
of 2017 and 2023 is the difference in peak inflow. In 2017, the peak inflow that occurred
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during a one-year period was 553.7 m3/day on 15 August, but in 2023, it was 5930.2 m3/day
on 15 July. The peak inflows of the two hydrographs are different in both the amount of
inflow and the time of occurrence. This is because they were placed in different clusters
during the clustering process. The hydrographs of 2017 and 2023 are the central ideas as
medoids of each cluster. It can be seen that the hydrological data of the corresponding
period is representative among the constructed hydrological data. Therefore, it was used as
learning material for learning the AS-ANN based on the RHET.

3.3. Verification and Prediction Results Analysis of RHET-Based AS-ANN

In Section 3.2, the representative hydrographs derived from the RHET were used to
learn, verify, and predict the AS-ANN. In order to compare the results of the AS-ANN, a DL
ANN was used. The ANN used was based on specifications that showed good performance
in learning and predicting hydrological data in the existing literature. The specifications of
the ANN and AS-ANN used for learning, verification, and prediction of Daecheong dam
inflow are as shown in Table 4.

Table 4. Specifications of ANN and AS-ANN [18].

Parameter ANN AS-ANN

Number of hidden nodes 10 Auto setting
Number of hidden layers 5 Auto setting

Optimizer Adam Auto setting
Activation function Relu Auto setting

Epochs 1200 1200

According to Table 4, the AS-ANN does not set the structural parameters Hidden node
and Hidden layer, and the operators Optimizer and Activation function. The structural
parameters and operators are parameters that must be set to build an ANN. However, the
AS-ANN has the advantage that the user does not need to set the structural parameters
and operators because the AS-ANN is set by themselves during the pre-learning process.
The performance of the ANN learned based on existing data and the performance of the
AS-ANN learned based on the RHET were compared. The results were produced through
10 repeated runs using both techniques. Table 5 shows the verification results produced
using each DL.

Table 5. Verification results using ANN and AS-ANN.

Method Min RMSE (m3/day) Max RMSE (m3/day) Average RMSE
(m3/day)

ANN 467.03 583.14 520.74
AS-ANN 199.52 644.50 276.67

According to Table 5, the Min RMSE of the AS-ANN is 199.52 m3/day, which shows
an error improvement of approximately 267.51 m3/day compared to the ANN. In addition,
the Average RMSE of the AS-ANN is 276.67 m3/day, which shows an error improvement
of approximately 244.03 m3/day. Based on these results, the AS-ANN utilizing the RHET
can improve the error from approximately 46.87% to 57.28% compared to the existing ANN.
The accuracy of the AS-ANN increases as the Min RMSE decreases, and the average RMSE
decreases, which shows that the AS-ANN can produce more stable results than the ANN.
The results according to each DL were analyzed for the peak inflow that occurred during
the verification period. Table 6 shows the results of the peak inflow during the verification
period calculated using each DL.
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Table 6. Difference in peak inflow using ANN and AS-ANN in verification results.

Method Difference in Peak Inflow (m3/day)

ANN 1784.55
AS-ANN 1358.14

According to Table 6, it can be seen that the AS-ANN utilizing the RHET, which
is the same as Table 5, shows a lower error than the ANN. The error of the AS-ANN is
1358.14 m3/day, which is about 23.89% reduced compared to the existing ANN. Unlike
the ANN, the AS-ANN learns through a representative hydrograph utilizing the RHET.
Therefore, the AS-ANN does not have long-term learning data compared to the ANN. The
AS-ANN, which is learned with input data that is not long-term, has a lower possibility
of overfitting than the ANN. Therefore, the AS-ANN, which does not overfit, has the
advantage of being able to produce results with a relatively lower error than the ANN.
Figure 7 is a graph showing the verification results of each DL by time.

 

Figure 7. Verification results of ANN and AS-ANN by time.

According to Figure 7, both the AS-ANN and ANN showed similar patterns to the
observed data in the verification results. Additionally, the period during which peak inflow
occurred was expanded and analyzed. According to the expanded graph, both the AS-ANN
and ANN show similar patterns to the observed data. Each technique produced results on
the graph that peak inflow would occur on 15 July 2023, and showed a downward trend
in inflow on 17 July 2023 and an upward trend on 19 July 2023. However, each technique
showed differences in values from the observed data. The AS-ANN produced similar
results to the ANN on 15 July 2023, when peak inflow occurred, but the AS-ANN produced
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results with relatively accurate values. In addition, the AS-ANN produced results with
higher accuracy than the ANN for the time after peak inflow occurred.

Based on the verification results of the Daecheong dam inflow, it can be seen that the
verification results of the Daecheong dam inflow using the RHET-based AS-ANN have
higher accuracy than the verification results of the Daecheong dam inflow using the ANN.
The AS-ANN performs learning using the representative hydrograph calculated based on
the RHET. The representative hydrograph is data for two years out of the total 11 years of
data constructed. Based on the verification results of the AS-ANN learned based on the
representative hydrograph, it can be seen that peak inflow and total period inflow can be
effectively predicted when the representative hydrograph is used.

Based on the verification results of Daecheong dam inflow using the RHET-based
AS-ANN and the full data-based ANN, Daecheong dam inflow prediction for 2025 was
conducted. Daecheong dam inflow prediction was conducted using the existing learned
DL model. Table 7 shows the prediction results for each technique.

Table 7. Prediction results using ANN and AS-ANN.

Method Min RMSE (m3/day) Max RMSE (m3/day) Average RMSE
(m3/day)

ANN 401.27 655.73 537.45
AS-ANN 348.24 492.63 403.02

According to Table 7, the AS-ANN has lower Min RMSE, Max RMSE, and Average
RMSE than the ANN for predicting Daecheong Dam inflow. In terms of Min RMSE, the
AS-ANN is approximately 348.24 m3/day, which is approximately 53.04 m3/day lower
than the ANN. Based on the Min RMSE results, the AS-ANN demonstrates higher accuracy
in learning-based prediction performance than the ANN. Similarly, for Max RMSE, the
AS-ANN also has lower values than the ANN. In terms of Max RMSE, the AS-ANN is ap-
proximately 492.63 m3/day, which has a lower error by approximately 163.11 m3/day com-
pared to the ANN, and the Average RMSE of the AS-ANN is approximately 348.24 m3/day,
which is 134.44 m3/day lower than the ANN. As a result of applying the AS-ANN and
ANN to predict the inflow of Daecheong Dam, the AS-ANN shows higher accuracy and
stability in prediction than the ANN.

In the case of the AS-ANN and ANN, the method of selecting the structure of DL built
for learning is different. In the case of the ANN, the structure is set according to the trial
and error method, sensitivity analysis, and user experience, but in the case of the AS-ANN,
parameters and operators for the structure are selected through pre-learning. Based on
the characteristics and prediction results of each technique, the AS-ANN shows improved
accuracy and usability compared to the ANN.

The AS-ANN has different input data used for learning from the ANN. In the case of
the AS-ANN, representative hydrographs using the RHET are used. Since the AS-ANN
does not cause overfitting through representative hydrograph-based learning, the AS-ANN
produces results with lower errors for the entire period compared to the ANN. Therefore,
it can be seen that learning of DL using representative hydrographs improves accuracy
compared to existing DL methods. Table 8 shows the error for each technique for the time
when peak inflow occurred during the Daecheong dam inflow prediction period.

According to Table 8, the error for peak inflow is 823.94 m3/day for the AS-ANN,
which is improved by about 973.27 m3/day compared to 1797.21 m3/day for the ANN. As
mentioned above, the AS-ANN has structural improvements over the ANN, but it uses
representative hydrographs using the RHET in the process of constructing learning data.
DL has a disadvantage in that overfitting occurs and prediction performance deteriorates
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when data with a different pattern from the learning data are input. However, in the case
of representative hydrographs using the RHET, only the data that become medoids among
the existing learning data are extracted and constructed as learning data. Therefore, it can
be seen that the problem of overfitting can be improved when representative hydrographs
using the RHET are used as input data for DL. Figure 8 is a graph showing the prediction
results for each technique by time zone for the prediction period.

Table 8. Difference in peak inflow using ANN and AS-ANN in prediction results.

Method Difference in Peak Inflow (m3/day)

ANN 1797.21
AS-ANN 823.94

 

Figure 8. Prediction results of ANN and AS-ANN by time.

According to Figure 8, both techniques tend to overestimate overall. The overestima-
tion intervals can be divided into four: the early part of the prediction period, just before
the peak inflow, just after the peak inflow, and the latter part of the prediction period. If the
results of each technique and the observed data are compared for the four intervals, the
prediction results increase as the observed data increases. However, the prediction results
of each technique increase relatively rapidly.

DL is a data model that learns patterns and produces prediction results. Therefore, it
is analyzed that the results appear because a pattern different from the pattern according to
the feature that constitutes the input data was input during the prediction process. The
results of the Daecheong dam inflow prediction are analyzed to be due to an increase in the
observed value of the feature that constitutes the input data located upstream of Daecheong
dam. As a result of comparing the peak inflow for the prediction period, it can be seen that
the prediction result using the AS-ANN has less error than the prediction result using the
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ANN. The AS-ANN proceeds with learning by utilizing representative hydrographs using
the RHET. As mentioned above, the AS-ANN has less overfitting than the ANN due to
learning by utilizing the RHET. In the case of the ANN, the error in the prediction result
for peak inflow was large because the pattern of the learning data and the pattern of the
prediction data were different. However, the AS-ANN prevented overfitting by utilizing
representative hydrographs, so it is judged that it produced a prediction result for peak
inflow that was more accurate than the ANN.

4. Discussion
The AS-ANN is a technique proposed to improve the usability and performance of

existing DL models, including ANNs, by setting the structural parameters and internal
operators. Conventional DL models require configuration of structural parameters (hidden
layers and hidden nodes) and internal operators (activation functions and optimizers).
However, these structural parameters and internal operators are set through user experience
and sensitivity analysis. The AS-ANN uses a pre-training process to set each parameter to
improve DL usability and performance.

The AS-ANN and DL share the requirement to set each structural parameter and inter-
nal operator before the training process. To compare the AS-ANN’s usability performance
with that of ANNs, the number of operations required for structure selection was compared.
Equation (5) was used to compare the number of operations required for structure selection.

NOR = (Nub − Nlb)× (Lub − Llb)× αP(a)1 × βP(o)1 (5)

where NOR is the number of operations required, Nub is the hidden node’s upper boundary,
Nlb is the hidden node’s lower boundary, Lub is the hidden layer’s upper boundary, Llb
is the hidden layer’s lower boundary, α is the number of activation functions used, β is
the number of optimizers used, P(a) is the number of combinations that can occur due to
the number of activation functions used, and P(o) is the number of combinations that can
occur due to the number of optimizers used. Table 9 shows the NOR for each technique
calculated using Equation (5).

Table 9. Results of NOR for ANN and AS-ANN.

Method NOR

ANN 729
AS-ANN 108

According to Table 9, the AS-ANN has a lower NOR by 621 than the ANN. The number
of operations used to build the structure of DL was reduced by about 85% in the AS-ANN
compared to the ANN. The ANN used in this study was set based on previous research.
Therefore, in order to estimate the NOR of the ANN, the NOR used to select the structure
and operator of previous research was calculated and compared with the AS-ANN. The
AS-ANN performs pre-termination and setting of structural parameters for parameter
setting based on the criteria set by the user in the pre-learning process. Therefore, it shows a
lower NOR than the ANN that builds the structure of DL by conducting sensitivity analysis.
The AS-ANN shows a lower NOR than the previous ANN in the process of building the
structure for DL, and based on the results, it can be seen that the AS-ANN can terminate
the pre-learning process earlier than the ANN.
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5. Conclusions
In this study, the AS-ANN based on the RHET was proposed. The AS-ANN based on

the RHET was applied to accurately predict dam inflow while simultaneously improving
the usability and performance of DL. The proposed RHET utilizes the RHET, which derives
representative hydrographs when training data is collected over a long period of time, to
reduce overfitting during the learning process. The AS-ANN is a new form of DL that
self-adaptively configures DL hyperparameters (hidden layers and hidden nodes) and
internal operators (activation functions and optimizers) during the learning process.

The RHET applies DTW-based K-medoids clustering to derive representative hydro-
graphs, which represent representative data from long-term hydrological data. Applying
the RHET allows for the selection of representative hydrographs during the DL input data
construction process, resulting in optimal DL input data. Based on the optimal DL input
data, the AS-ANN was used for learning and prediction. To compare the performance of
the RHET-based AS-ANN, a RHET-based AS-ANN was trained, verified, and predicted the
inflow of Daecheong Dam, and compared the results with those of a conventional ANN.

According to the validation results of the Daecheong Dam inflow using the RHET-
based AS-ANN and ANN, the RHET-based AS-ANN achieved a Min RMSE of approx-
imately 199.52 m3/day, an improvement of approximately 57.30% over the ANN’s Min
RMSE of 467.03 m3/day. The AS-ANN’s Average RMSE was approximately 276.67 m3/day,
an improvement of approximately 46.87% over the ANN’s Average RMSE of 520.74 m3/day.
The validation results for peak inflows occurring during the validation period showed that
the RHET-based AS-ANN showed an approximately 23.89% improvement in peak inflow
error compared to the ANN.

There are two major differences between the RHET-based AS-ANN and ANN. First,
there is the difference in the data construction process, and second, there is the difference
in DL. ANNs, like traditional methods, use all existing long-term data as training data.
However, REHT-based AS-ANNs utilize REHT to construct training data using representa-
tive hydrograph data representing the representativeness of the long-term data. Therefore,
RHET-based AS-ANNs have the advantage of eliminating data that causes overfitting
during the training process compared to conventional ANNs.

According to the prediction results for Daecheong dam inflow by different techniques,
the RHET-based AS-ANN improved the Min RMSE, Max RMSE, and Average RMSE by ap-
proximately 13.22%, 24.87%, and 25.01%, respectively, compared to the ANN. Furthermore,
the RHET-based AS-ANN improved the peak inflow error during the prediction period by
approximately 54.15% compared to the ANN.

The performance differences between the RHET-based AS-ANN and the ANN stem
from the differences in the DL used in the learning and prediction processes. However, due
to the nature of DL, these differences also arise from differences in the data construction
process. DL uses a data model to learn patterns based on training data and outputs output
when input prediction data. Therefore, if the patterns in the training data differ from
those in the prediction data, overfitting occurs, resulting in poor prediction performance.
The RHET generates representative hydrographs to prevent overfitting among long-term
training data. Therefore, AS-ANNs with the RHET are expected to produce higher-accuracy
validation and prediction results than conventional ANNs.

However, the RHET used in this study was limited to generating representative hy-
drographs. Future research, including representative hydrographs, is expected to expand
the scope and applicability of the RHET to a wider range of hydrological data, including
water quality and groundwater. Furthermore, the AS-ANN does not automatically con-
figure epochs, the number of training cycles used for training. Proposing a technique to
analyze priorities during the structural parameter setting process and configure structural
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parameters, including epochs, and internal operators would significantly enhance usability.
Furthermore, the RHET-based AS-ANN used in this study constructed input data using
a total of 17 input features. These 17 input features were selected based on previous re-
search. However, prediction results show that the RHET-based AS-ANN experienced some
overfitting. To effectively reduce overfitting and improve model accuracy, validation and
reconstruction of the input features are necessary. Therefore, future research is needed to
construct input data through validation of input features, such as SSMD and explainable
artificial intelligence.
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