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Abstract. The application of deep neural networks in forecasting hydro-
logical time series data is increasingly popular, aiming to improve predic-
tion accuracy in this challenging problem. As for river runoff prediction,
Deep Belief Network (DBN) and Stacked Autoencoder (SAE) are two
kinds of deep neural networks which are commonly used for extracting
meaningful features from the data before prediction. In this study, we
aim to compare the prediction performance of SAE model with that of
DBN model on the runoff data of Srepok River in Central Highlands
of Vietnam. Experiments are conducted by using historical data of the
Srepok River that were collected in 11 years. The experimental results
in this case study show that SAE brings out better prediction accuracy
than DBN in terms of three evaluation criteria: correlation, root mean
square error, and mean absolute percentage error.

Keywords: Runoff prediction · Stack autoencoder · Deep belief
network · Srepok river

1 Introduction

Time series analysis includes methods for analyzing time series data, from which
meaningful statistical attributes and data characteristics can be extracted to
serve some purposes such as: prediction, classification, clustering for time series.
Time series prediction is the use of a model to predict time events based on
known events in the past and thereby predicting data points before they occur
(or are measured).

The prediction of river run-off is very important in water resource planning
and management. In this research, we focus on river run-off prediction of Srepok
River (Vietnamese: Sêrêpok) which is a major tributary of Mekong River in the
Central Highlands of Vietnam.

In general, there are two main approaches to solving the river runoff pre-
diction problem: physical-based model and data-driven model [1]. The main
disadvantage of the physical-based method is that it requires diverse kinds of
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data, ranging from climate, water resource to soil map data. In contrast, data-
driven model requires little information, are easy to implement, and do not need
experienced specialists.

Among several methods used to forecast hydrological time series data such
as rainfall, reservoir inflow, and river runoff, Artificial Neural Networks (ANNs)
have been applied commonly [2–5]. But forecasting in hydrological time series
data is still a challenging task since forecasting power on this kind of time
series with some proposed methods is limited. As for ANN, river runoff time
series will increase the feature learning difficulties and the network computation
complexities.

Deep neural network models, such as Deep Belief Networks (DBNs), Long
Short Term Memory Networks (LSTMs) and Stacked Auto-encoders (SAEs),
have recently attracted the interest of many researchers in some applications
on big data analysis. For recent years, there have been several researches of
applying deep neural networks to predict time series data in various fields. Par-
ticularly, some research works on forecasting rainfall and runoff time series can
be listed as follows. Gope et al. (2016) [6] employed Stacked Autoencoder in
rainfall prediction. Tri et al. (2016) applied Deep Belief Network in daily runoff
prediction for a river in Vietnam [7]. Hernandez et al. (2016) applied stacked
auto-encoder networks in rainfall prediction [8]. Li et al. in (2016) [9] applied
Deep Belief Network in reservoir inflow forecasting. Kratzert et al. (2018) [10]
employed Long Short-Term Memory (LSTM) network in rainfall-runoff mod-
eling. Lee et al. (2020) applied Long Short Term Memory Network in runoff
analysis for Red River in Vietnam [11]. From these above mentioned research
works, DBN model and SAE model are the two kinds of deep neural networks
which are commonly-used in river runoff prediction. However, so far there exists
no work to answer the question that between DBN model and SAE model which
one performs better in river runoff prediction.

In this study, we aim to compare the prediction performance of SAE model
with that of Deep belief network (DBN) on the daily runoff data of Srepok
River in Vietnam. Experiments are conducted by using historical data of the
Srepok River that were collected in 11 years. The experimental results in this
case study show that SAE brings out better prediction accuracy than DBN in
terms of three evaluation criteria: coefficient of correlation (R), root mean square
error (RMSE), mean absolute percentage error (MAPE).

The remainder of the paper is organized as follows. Section 2 provides some
basic backgrounds about Deep Belief Network and Stacked Autoencoder. In
Sect. 3, the proposed architectures of DBN and SAE for runoff prediction are
introduced. Section 4 reports the experiments to compare the prediction accuracy
of SAE and that of DBN model in runoff prediction. Finally, Sect. 5 gives some
conclusions and future works.
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2 Theoretical Background

2.1 Deep Belief Network

Deep Belief Networks have been proposed by Hinton [12] with remarkable suc-
cess in image processing and AI areas. DBN models are based on stacking of
Restricted Boltzmann Machines (RBMs) [13].

RBM is a kind of stochastic artificial neural network with two connected
layers: a layer of binary visible units (v, whose states are observed) and a layer of
binary hidden units (h, whose states cannot be observed). The hidden units act as
latent variables (features) that allow the RBM to model probability distribution
over state vectors (see Fig. 1). The hidden units are conditionally independent
given visible units.

Given an energy function E(v, h) on the whole set of visible and hidden units,
the joint probability is given by:

p(v, h) =
e−E(v,h)

Z
(1)

where Z is a normalization partition function, which is obtained by summing up
the energy of all possible (v, h) configurations.

Z =
∑

v,h

e−E(v,h) (2)

Fig. 1. Restricted Boltzmann Machine (RBM)

For the binary units hi ∈ {0, 1} and vi ∈ {0, 1}, the energy function of the
whole configuration is:

E(v, h) = −cvT − bhT − hWvT

= −
K∑

k=1

ckvk −
J∑

j

bjhj −
J∑

j

K∑

k=1

Wjkvkhj
(3)
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where W is J × K matrix of RBM weights connecting hidden and visible units,
c = [c1, c2, ..., cK ] is the bias of the visible units and b = [b1, b2, ..., bJ ] is the bias
of the hidden units. The marginal distribution over v is:

p(v) =
∑

h

(v, h) (4)

The posterior probability of one layer given the other is easy to compute by
the two following equations:

p(h, v) =
∏

j

p(hj = 1|v)

where p(hj = 1|v) = σ( bj +
∑

k

Wjkvk)
(5)

p(v, h) =
∏

k

p(vk = 1|h)

where p(vk = 1|h) = σ( ck +
∑

j

Wjkhj)
(6)

Notice that σ is the sigmoid function. Inference of hidden factor h given the
observed v can be done because h is conditionally independent given v.

A DBN is a generative model with an input layer and an output layer, sep-
arated by l layers of hidden stochastic units. This multilayer neural network
can be efficiently trained by composing RBMs in such a way that the feature
activations of one layer are used as the training data for the next layer.

An energy-based model of RBMs can be trained by performing gradient
ascent on the log-likelihood of the training data with respect to the RBM param-
eters. This gradient is difficult to compute analytically. Gibbs sampling method
is well-suited for RBMs. One iteration of the Gibbs sampling works well and
corresponding to the following sampling procedure:

v0
p(h0|v0)−−−−−→ h0

p(v1|h0)−−−−−→ v1
p(h1|v1)−−−−−→ h1...hk−1

p(hk−1|vk)−−−−−−−→ vk (7)

where the sampling operations are schematically described. It is known that
Gibbs sampling is very time-consuming. Rough estimation of the gradient using
the above procedure is denoted by CD-k, where CD-k represents the Contrastive
Divergence algorithm [12] for performing k iterations of Gibbs sampling up to
vk.

The weight parameter is updated with the rate of change as shown in the
following formula:

∇Wjk = η(〈vkhj〉0 − 〈vkhj〉k) (8)

where η represents the learning rate.
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2.2 Stacked Auto-Encoder

Autoencoder
Autoencoder (AE) is a deep learning neural network model, in which it tries to
recreate the input. The Autoencoder basic network is an unsupervised one lay-
ered neural network where the input is X = x1, x2, x3, ..., xn. as a characteristic
vector with n dimensions. The network output is calculated using the following
formula:

hW,b(X) = f(WTX) = f(
n∑

i=1

WiXi + b) (9)

where f : IR �→ IR is the nonlinear conversion function,W and b are the weights
and bias of the corresponding network. The goal is to try to approximate the
function hW,b(X) ≈ X in order to learn the characteristics of X and recreate it.

Fig. 2. Autoencoder neural network

Figure 2 describes the Autoencoder network which has two basic components:

– Encoder: The first layer is an encoder, which is simply a group of fully con-
nected layers or convolution layers taking the input and compressing it into
a smaller representation with a smaller size. The smaller representation of
input is called the bottleneck. Here knowledge or features from the input will
be compressed, retained important features and used to pass through the
decoder.

– Decoder: The decoder also has the same architecture as the encoder, but
the difference is that it takes the knowledge from the bottleneck then tries
to reconstruct the input by using the fully connected layers or convolution
layers.

The loss function of the Autoencoder network with a hidden layer is as fol-
lows:
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J(W, b) = [
1
m

m∑

i=1

1
2
‖hW,b(xi) − xi‖2] +

λ

2

n∑

i

nhid∑

j

(Wj,i)2 (10)

where m is the number of training examples, nhid considered only one hidden
layer is the number of units in the hidden layer and λ is the weight decay
parameter.

The goal of autoencoder network is to learn how to represent the features of
a dataset, by training the network to reduce noise from input in order to retain
valuable information and features from the input data. There are many variations
of autoencoder networks such as: Denoising Autoencoder, Sparse Autoencoder,
Stacked Autoencoder, Convolutional Autoencoder, etc. Depending on the differ-
ent goals of the problem, we use different models to solve the problem.

Stacked Autoencoder
The Stacked Autoencoder (SAE) is formed by stacking autoencoder to make a
deep neural network, where each autoencoder is independently trained, and the
output of each hidden layer of autoencoder is connected to the input of the next
hidden layer, Fig. 3 illustrates how to stack an autoencoder neural network.

The hidden layers are trained by an unsupervised algorithm and then refined
by a supervised method. The Stack autoencoder network is trained as follows:

1. Train the first autoencoder with input data and obtain the feature vector.
2. Feature vector of the previous layer is used as input to the next layer and the

process is repeated until the training is completed.
3. Use the output of the last layer as input for prediction layer.
4. After all the hidden layers have been trained, the backpropagation algorithm

is used to minimize the cost function and updated the weights with the train-
ing set labeled to achieve fine-tuning in a supervised way.

Based on the advantages of the Stacked autoencoder network, the model
can create new data with more compressed knowledge and features which are
used to train a new model to classify or predict, to find greater accuracy than
using the original data. There have been studies showing that the use of Stacked
autoencoder network instead of Autoencoder in preprocessing data can improve
the accuracy of the classification model [14].

3 Two Model Architectures

3.1 Deep Belief Network

The DBN model that will be used in this work has the structure given in Fig. 4.
In Fig. 4 the DBN model consists of only two RBMs and one MLP but in general,
we can add some more RBMs into the DBN model to make the model deeper.
The number of RBMs in DBN model is one of the important hyper-parameters
of this deep learning model. Notice that in DBN model, the hidden layer of one
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Fig. 3. How to stack autoencoder neural network

Fig. 4. The DBN model with two RBMs
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RBM plays the same role of the visible layer of the RBM at the next (higher)
level.

The training algorithm for our proposed DBN consists of two stages: an
unsupervised learning and a supervised learning.

The unsupervised learning stage is the Contrastive Divergence (CD) algo-
rithm [12] used for training the RBM(s). The CD algorithm progresses on a
layer-by-layer basis. First, a RBM is trained directly on the input data. Hence,
the neurons in the hidden layer of the RBM can capture the important features
of the input data. The activations of the trained features are then used as “input
data” to train a second RBM.

The supervised learning stage is the back-propagation algorithm used for
training the MLP.

3.2 Stacked Auto-Encoder

In this section, we describe the general architecture of our proposed SAE model
which can predict runoff data of the river for the following days.

The architecture of the model consisting of some stacked autoencoders, which
is built by stacking the autoencoders together in order to extract meaningful
features from the data. How to design the SAE model architecture for prediction
will be discussed in the next section. We will try different configurations, the
number of different encoders, the size of the sliding window, and so on to find
the model with the best performance. A block diagram of our SAE model is
shown in Fig. 5

Fig. 5. Proposed stacked autoencoder architecture

In this work, we will test the number of input nodes with eight different
values which will be reported later.

3.3 Sliding Window Technique

In order to preprocess the runoff data before entering a deep learning model, we
use sliding window technique. From the initial time series X = x1, x2, x3, ..., xn

where n is the number of points (days), the data will be converted into yi =
xi, xi+1, xi+2, ..., xi+m where m is the size of the sliding window. We will have a
new input data is Y = y1, y2, ..., yn. Then we apply Y to the predictor model.
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3.4 Performance Evaluation

To evaluate the performance of a predictive model, the three statistical criteria
applied are root mean square error (RMSE) and coefficient of correlation (R)
and mean absolute percentage error (MAPE). The three criteria are computed
as follows:

RMSE =

√√√√ 1
n

n∑

i=1

(Oi − Pi)2

R =
∑n

i=1(Oi − O)(Pi − P )√∑n
i=1(Oi − O)2(Pi − P )2

MAPE =
100
n

n∑

i=1

|Oi − Pi

Oi
|

(11)

where n is the number of observations, Oi is the actual value at time point i,
O, is the average actual value and Pi is the forecast value for time point i and
P is the average predicted value. Notice that R value is higher, the prediction
accuracy is better. RMSE or MAPE value is lower, the prediction accuracy is
better. RMSE is an absolute performance measure while MAPE is a relative
measure.

4 Experimental and Evaluation

4.1 Study Area

For this study, the Srepok River in Viet Nam has been selected as the study
region. The runoff data are collected from Cau14, BuonHo and DucXuyen mea-
surement stations (Fig. 6). They are three measurement stations of the Srepok
river in three different locations. A data point is representative of the flow col-
lected at a fixed time of day in a given river basin. With Cau14 and BuonHo
measurement stations, we collected 4000 data points corresponding to 4000 days
(approximately 11 years) of runoff, while with DucXuyen measuring station we
collected 3000 data points. The evaluation criteria of the models’ performances
are also given Sect. 3.4.

Srepok river [15] (the Khmer name Tonlé Srepok) is an important tributary
of the Mekong river. The river originates in Dak Lak, then Dak Nong provinces of
Vietnam, and flows through Ratanakiri and Stung Treng provinces, Cambodia.
In Vietnam there is a river section called the Dak Krong River. Its length varies
about 406 km in which the last 281 km course is in Cambodian territory. The
Srepok River, in turn, has three main tributaries: the Krông Nô, Krông Ana,
and Ea H’leo Rivers. Before joining the Mekong, the Srepok also merges with
the Sesan River and Kong River in Stung Treng province.

The data collected will be divided into two subsets which are training and
testing sets. We normalized the time series values to between zero and one inter-
val in order to avoid effects of scale to our deep learning architecture. Data
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Fig. 6. The location of study area [20]

normalization method is shown in Eq. 12, where xi represents a value to nor-
malize at the ith time point, minxi

is the minimum value for the time series in
the training set/testing set and maxxi

is the maximum value for the time series
in the training set/testing set. We will normalize separately for training set and
testing set.

xi =
xi − minxi

maxxi
− minxi

(12)

4.2 Experimental Results

In this section, we will evaluate the performance of SAE model in river runoff
prediction by comparing its performance with that of DBN model on the same
dataset. The evaluation criteria given in Sect. 3.4 will be used to measure pre-
diction performance.

We will build DBN model based on the best hyper-parameters selected for
the DBN prediction model reported in the previous work by Tri et al. [7]. In
sum, the good DBN model consists of 4 hidden layers and 5 neurons per layer.

We will not compare the two deep neural network models with ANN since
through experiment some previous works [7,9] pointed out that DBN model
always outperforms ANN in runoff prediction.

The two comparative deep learning models were implemented in Python with
open-source framework Keras [16]. The experiments on four time series datasets
were conducted on the PC with CPU Intel(R) Core(TM) i7-8750H CPU @ 2.20
GHz, 16 GB RAM, NVIDIA GeFore GTX 1050Ti. To evaluate the performance
of the models and their configurations, we used Cau14 dataset as the standard
dataset. The dataset is divided into two parts, the first 10 years (3672 days) for
training and the remaining year (328 days) for testing.
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To assess the impact of sliding window size on the overall performance of
the prediction model, we applied the manual trial-and-error strategy to find out
which window size brings out the best performance [17]. For the parameter in the
SAE model, the number of epochs was set to 1000 times for sufficient learning
of the neural network. Three AE layers are used to extract features and for each
AE layer, the corresponding number of nodes in the hidden layer is in turn set to
200, 400, 200. Finally, to consider the temporal continuity of the runoff on Srepok
River, the sequence length was changed via eight cases: 2 days, 5 days, 7 days,
8 days, 14 days, 15 days, 20 days and 28 days to investigate the reproducibility
of the prediction results according to the length change of the sliding window.
Table 1 summarizes the evaluation results in varying the sliding window size m.
The lowest error result of RMSE is 45,401 (m = 7) and MAPE is 13,897 (m =
14). The highest correlation R is 0.9771 (m = 5, m = 7).

Table 1. Experimental results of SAE model in varying sliding window size.

Size of sliding window RMSE R MAPE

1 2 48.345 0.9760 14.932

2 5 52.993 0.9771 16.208

3 7 45.401 0.9771 14.039

4 8 49.467 0.9766 15.417

5 14 47.525 0.9763 13.897

6 15 50.060 0.9753 15.600

7 20 50.347 0.9756 14.549

8 28 55.711 0.9732 17.232

We found out that the best case for the length of sliding window is m = 7.
From the analysis on Table 1, the larger sliding window size has an effect on the
prediction performance of the model but it does not mean that the larger the
window slide, the higher the prediction performance.

In addition to the effect of sliding window size on prediction, selecting the
network size also affects to the predictive performance greatly. This is a typical
problem for all neural network design. Tables 2, 3 and 4 show the results of
changing the number of hidden nodes per layer and the number of AEs for
predictions. Table 2 shows the results of varying the number of hidden nodes per
layer when sliding windows with a length of 7 and three AEs are used in this
experiment. From Table 2 we can discover the best results in terms of RMSE,
R, MAPE measures. In this experiment two sets of values (200, 400, 200) and
(200, 600, 200) are the optimal choices. Therefore, we will pick (200, 400, 200)
for the number of hidden nodes per layer in our SAE model.

Tables 3 and 4 show the analysis results when changing the number of AEs,
we find that the number of AEs has an impact on the prediction performance
and the large number of AEs does not mean that the prediction performance
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Table 2. Experimental results in varying the number of nodes in one layer of SAE
model (Cau14 dataset).

Nodes on one layer RMSE R MAPE

1 200, 200, 200 54.289 0.9765 16.383

2 400, 400, 400 46.052 0.9766 13.863

3 400, 200, 400 46.158 0.9760 13.954

4 200, 600, 200 46.036 0.9761 13.634

5 200, 400, 200 45.401 0.9769 14.039

will be high. We select the number of AEs and the number of hidden nodes per
layer to give the best predictive performance. From Table 3, with the number of
hidden nodes per layer of 400, the best ratings are RMSE = 45,789 (Number
of AE layers = 2), R = 0.9766 (Number of AE layers = 3), MAPE = 13.863%
(Number of AE layers = 3). From Table 4 with a number of hidden nodes per
layer of 200, the best indicators are RMSE = 47.454 (Number of AE layers =
2), R = 0.9766 (Number of AE layers = 4), MAPE = 14,390% (Number of AE
layers = 4).

Table 3. Performance results in varying the number of AE layers (each AE layer has
400 nodes per layer) in SAE model.

Number of AE layers RMSE R MAPE

1 2 45.789 0.9761 13.916

2 3 46.052 0.9766 13.863

3 4 53.078 0.9718 16.625

Table 4. Performance results in varying the number of AE layers (each AE layer has
200 nodes per layer) of SAE model.

Number of AE layers RMSE R MAPE

1 2 47.454 0.9756 14.956

2 3 57.271 0.9763 16.825

3 4 48.471 0.9766 14.390

To evaluate the prediction performance of the SAE model in river runoff
prediction, the Deep Belief Network model as in [7] is built as a comparative
model. For SAE model, the number of input nodes is also determined by the
experiment results given in Table 1 which shows that the best value for this
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Table 5. Comparison of the performance results for two different models on the three
datasets with sliding window size 2 (for DBN), 7 (for SAE)

Input Model RMSE R MAPE

Cau14 DBN 52.783 0.9711 14.236

SAE 45.401 0.9770 14.040

BuonHo DBN 94.158 0.9266 19.861

SAE 99.536 0.9241 19.835

DucXuyen DBN 54.303 0.8495 86.138

SAE 55.798 0.8695 83.483

parameter is 7. From the experimental results in Tables 3 and 4, the number
of AE layers is set to three, and the number of hidden nodes per layer used
in SAE model is (200, 400, and 200). Besides, we reuse a selected model for
SAE which is based on Cau14 dataset to experiment the runoff prediction on
the two datasets at DucXuyen and BuonHo measurement station. To train the
SAE model, we applied back-propagation algorithm. To train the DBN model,
we apply Contrastive Divergence (CD-k) algorithm in pre-training stage and
back-propagation algorithm in fine-tuning stage.

As shown in Table 5, on the Cau14 dataset, the SAE model outperforms
DBN model in all three RMSE, R, MAPE evaluation measures. Furthermore,
on the DucXuyen and BuonHo datasets, SAE model is also slightly better. These
results prove that the ability of feature extraction in predicting the future runoff
value of the SAE model is more powerful than DBN.

To study the relation between the observed and predicted data, the scatter
plots are generated with line plot in Fig. 7 and Fig. 8. From the visualization
results in Fig. 7a, DBN captures all the change over time of the runoff river,
but there are also some small amounts of predicted values to move down, it
means that the predicted value is smaller than the observed value. Looking at
the Fig. 7a, we see that the points with predictive value move down, they are far
from the ideal fit (Fig. 7b). Comparing the Fig. 7a with Fig. 8a, we see that the
predicted results of the SAE model are closer to the observed data and compared
to the forecast points that have the downward movement of the DBN model, it
improves better. So they are closer to the ideal fit (Fig. 8b).

Table 6. Comparison of the training time and testing time (in seconds) of the two
models on Cau14 dataset

Times SAE DBN

Training 520.499 585.914

Testing 0.0589 0.134
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(a)

(b)

Fig. 7. (a) Observed (blue) and predicted (red) runoff by DBN in the testing phase. (b)
The degree correlation between observed and predicted runoff by DBN in the testing
phase. (Color figure online)

We also measured the training times and testing times of the two deep learn-
ing forecasting models on the runoff dataset at the Cau14 station and report
the results (in seconds) in Table 6. The results in Table 6 indicate that the train-
ing/testing time of SAE is slightly shorter than that of DBN.
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(a)

(b)

Fig. 8. (a) Observed (blue) and predicted (red) runoff by SAE in the testing phase. (b)
The degree correlation between observed and predicted runoff by SAE in the testing
phase. (Color figure online)

5 Conclusion and Future Work

River runoff prediction is a challenging forecasting problem. In this paper, we
compare the two deep neural network models (SAE and DBN) in river runoff
prediction in terms of prediction accuracy. The experimental results show that,
SAE brings out better prediction accuracy than DBN on three runoff datasets
from Srepok river in Highlands of Vietnam. The results of this work confirm that
stacked autoencoder is a promising deep learning approach for runoff time series
forecasting. Stacked autoencoder shows the power of feature extraction and gets
high accuracy when predicting. Besides, the impact of size of window slides and
the architecture of SAE model were also taken into account.
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In future research, we intend to combine SAE with Long Short Term Memory
(LSTM) network in order to improve further river runoff prediction as suggested
in ([18,19]).
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