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Abstract: Runoff prediction has recently become an essential
task with respect to assessing the impact of climate change to
people’s livelihoods and production. However, the runoff time
series always exhibits nonlinear and non-stationary features,
which makes it very difficult to be accurately predicted.
Machine learning has been recently proved to be a powerful
tool in helping society adapt to a changing climate and its
subfield, deep learning, showed the power in approximate
nonlinear functions. In this study, we propose a method based
on Deep Belief Networks (DBN) for runoff prediction. In order
to evaluate the proposed method, we collected runoff datasets
from Srepok and Dak Nong rivers located in the mountain
regions of the Central Highland of Vietnam in the periods
of 2001-2007 at Dak Nong hydrology station and 1990-2011
at Buon Don hydrology station, respectively. Experimental
results show that DBN outperforms, respectively, LSTM,
BiLSTM, Multi-Layer Perceptron (MLP) trained by Particle
Swarm Optimization (PSO) and MLP trained by stochastic
gradient descent (SGD) in which gradients are computed
using the backpropagation (BP) procedure. The results also
confirm that DBN is suitable to employ for the task of runoff
prediction.

Keywords: Deep belief networks, runoff prediction, artificial
neural networks, particle swarm optimization.

I. INTRODUCTION

Water resources play a central role in people’s livelihoods
and production, and thus for any country in the world, water
resource management has been considered as a high priority
in national development plans. In the past few decades,
runoff prediction has been studied by a large number of
scientists in many fields [1-3]. One can classify approaches
to runoff prediction in literature into two folds: physical-
based and data-driven. The main difference between the
two approaches is that the former needs a physical model
beforehand and the latter uses training data to learn a
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model [4]. This paper presents a data-driven method pro-
posed to predict runoff in short-term.

To date, several advanced data-driven methods have
been proposed to predict and forecast runoff, such as
Support Vector Machines (SVM) [5-8], ensemble learning
paradigms [9-11], Artificial Neural Networks (ANN) [1, 5,
8, 12-16], and so on. Among them, ANN-based methods
has proved its strength in simulating sophisticated relation-
ships of many different kinds of complex data, especially
hydrologic data. Until now, many researchers have taken
into consideration improving ANN to enhance effectiveness
of runoff prediction. To this end, attempts to hybridize ANN
with other learning models and theories, such as Support
Vector Regression (SVR), fuzzy theory, meta-heuristic al-
gorithms, chaotic theory, etc. have demonstrated the effec-
tiveness and efficiency in hydrology prediction [3, 17-20].

In general, machine learning have been recently proved
to be a powerful tool in helping society adapt to a changing
of climate [21] and its subfield, deep learning [22], have
attracted numerous researchers and shown remarkable per-
formance in various fields [23]. Deep learning has been
employed for time series analysis and most experimental
results indicated that deep learning outperforms conven-
tional methods in time series classification, prediction,
forecasting, and anomaly detection [24-29].

In this work, we employ DBN [30] to predict the runoff
of Srepok river and Dak Nong river in the Central Highland
of Vietnam. We choose DBN due to nonlinear and non-
stationary of the runoffs of these rivers caused by their
sloped terrain. Moreover, as pointed out in [29], among
deep leaning techniques, DBN is suitable to learn robust
representations for network flow prediction. We conduct
experiments and compare the performance of DBN with
that of LSTM [31], Bidirectional LSTM (BiLSTM), Multi-
Layer Perceptron (MLP) [32] trained by SGD using BP
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to calculate gradients (henceforth MLP-SGD) and MLP
trained by Particle Swarm Optimization (PSO) [33] (hence-
forth MLP-PSO). In experiments, the implementation of
LSTM published with [34]' is revised for both LSTM
and BiLSTM, and the implementations of ANN-BP and
ANN-PSO in [35] are used for MLP-SGD and MLP-PSO,
respectively.

The work that is most relevant to ours is presented in [26,
36, 37]. In [26], the authors employed a so-called DBN that
is a stack of two Restricted Boltzmann Machines (RBM),
each of which is trained separately and the higher layer
takes as input the output of the lower layer. The obtained
DBN model then is fine-tuned by the standard BP. They
reported that DBN outperforms MLP-SGD and MLP-PSO,
respectively. We argue that the model employed in [26] is
actually a Deep Boltzmann Machine (DBM) [38] other than
DBN. Indeed, Fig. 2 presented in [38] shows the difference
between a Deep Belief Network and a DBM.

Both [36] and [37] proposed the same method that
combines Variational Mode Decomposition (VMD) and
DBN. VMD decomposes runoff series into multiple in-
trinsic mode functions to reduce their complexity. The
main difference between VMD-DBN [36] and VMD-DBN-
IPSO [37] is how to train DBN. The former uses the
original DBN and the latter trains DBN using the social
learning PSO algorithm presented in [39]. While [40-42]
showed that performance of MLP is comparable with that
of other learning models, the authors of [36] and [37] did
not compare VMD-DBN and VMD-DBN-IPSO with MLP.

The contributions of this paper are as follows:

« First, we propose to employ the DBN for runoff
prediction. In particular, visible and hidden units of a
RBM in DBN are Gaussian and rectified linear units,
respectively. And, the tanh activation function is used
at the hidden layers during fine-tuning. By using tanh,
the inputs of a layer are normalized to obtain the data
with zero mean because ranh squashes the outputs of
the previous layer so that they are on average close to
zero [43].

o Second, we conduct experiments and compare the
performance of DBN to that of LSTM, BiLSTM,
MLP-SGD and MLP-PSO on the same real datasets
collected from two rivers located in the central high-
land of Vietnam. The experimental results show that
DBN outperforms the models used in experiments. The
findings confirm that DBN is suitable to learn robust
representations for runoff prediction.

The rest of this paper is organized as follows. Section
2 presents related work. Section 3 briefly presents MLP,

Uhttps://github.com/kratzert/pangeo_lstm_example
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PSO, DBN, and algorithms used in experiments. In Section
4, we depict experimental results and some findings will be
pointed out. Finally, we draw conclusion in Section 5.

II. RELATED WORK

Many machine learning approaches have been proposed
for runoff prediction. Those approaches employed many
different learning models range from classical to deep
learning, among them, MLPs are overwhelming. In [3],
the authors surveyed ANN-based methods for prediction
of water resource variables in river systems. Among 2010
surveyed papers published from 1999 to 2007, 178 papers
reported using MLPs. Another survey was presented in
[19] where the authors surveyed on applications of hybrid
wavelet-machine learning models in hydrology and showed
that among 103 surveyed papers, 85 reports using ANN
techniques, most of them are MLPs. MLPs were also
investigated in [15, 16, 40, 41, 44]. Besides, SVR [6] and
genetic programming [45] can also be successfully applied
to monthly runoff forecasting.

However, the performance of MLPs reported in literature
were inconsistent in both long-term and short-term runoff
prediction. Indeed, the authors in [20] indicated that the per-
formance of MLP and Recurrent Neural Network (RNN) is
comparable. MLPs in [16] and in [42] achieve performance
better than that of Multiple Linear Regression (MLR) for
runoff prediction, but the MLP in [40] gets performance
worst among MLR, K-nearest neighbors (KNN), and Adap-
tive Network-based Fuzzy Inference Systems (ANFIS) for
monthly runoff forecasting. While the MLPs (using radial
basis or sigmoid as the activation function) in [41] pro-
vides more accurate monthly runoff prediction than KNN,
SVR, Time Delay Neural Network (TDNN), and RNN, an
investigation in [5] showed that SVR method was superior
to MLP in the river flow forecasting. Meanwhile, in [15],
MLPs have superior performance among six selected data-
driven models. Moreover, according to an investigation in
[44], the performance of Gaussian Mixture Regression,
SVR and MLP are comparable in middle and long-term
runoff forecasting.

Hybrid approaches were also proposed in literature.
Considering a time series as a combination of linear and
non-linear components, [17] employs ARIMA as linear
modeling of the time series and SVR as nonlinear modeling
of error series; then MLP was employed to learn a combina-
tion function of the output of linear and nonlinear modeling.
Some other hybrid models were proposed in [46], [18], [47].
The hybrid model proposed in [46], namely Chaos-MGGP,
integrates chaos theory into Multi-Gene Genetic Program-
ming for runoff forecasting. The phase-space reconstruc-
tion, a basis for chaotic time series forecasts, is used to



extract hidden characteristics and information on dynamic
systems from their time series. SVR-GANN proposed in
[18] combines SVR and a geomorphologic ANN (GANN)
that incorporates the geomorphologic characteristics of wa-
tershed directly to the model. It is trained by using a genetic
algorithm.

Pre-processing of runoff data is also an important phase
in approaches to runoff prediction. Indeed, in [11], the
authors showed that runoff is pre-processed by using En-
semble Empirical Mode Decomposition (EEMD) leads to
better performance and Elman neural networks coupled
with EEMD outperforms MLP coupled with EEMD in
runoff prediction. Wavelet transform [15] or EMD [7] is
also used for pre-processing of input data. The findings in
these work is that MLPs or SVM taking as input those pre-
processed data improve the performance in comparison with
that of methods without using the pre-processing. Besides,
deep learning such as long-short term memory [47-50]
or DBN [36, 37] have been also proposed for runoff
prediction.

The most relevant to ours is the work presented in [36]
and [37]. However, the performance of [36] and [37] has
not been compared to that of MLPs yet. Basically, both
methods proposed in [36] and [37] are the same and a
kind of ensemble learning. They decompose the input time
series into k components using VMD, then each component
is used to train a DBN model. The structures of DBNs
and the lengths of input sequences can be different. Given
testing data, the final output is summing up the outputs
of k trained models. The difference between two methods
are training algorithms, the lengths of input sequences and
normalizing the input data. In contrast, the proposed method
in this paper does not exploit ensemble learning strategies.
It does not need pre-process and normalize the input like
the methods in [36, 37] but makes use of the tanh function
to squash the output of each layer into the range of [-
1,1] during fine-tuning. This trick was proved efficiency
in training neural networks [43]. The experimental results
show that DBN works well on runoff data and outper-
forms LSTM, BiLSTM, MLP-SGD, and MLP-PSO on real
datasets collected from two rivers located in the central
highland of Vietnam.

III. METHODOLOGY
1. Multi-layer Perceptron

MLP is a kind of ANN that stack many layers of neurons.
The first layer is the input layer, the last layer is the
output layer, and the others are hidden layers. Neurons in
input, hidden, and output layers are called as input, hidden,
and output units, respectively. There is not any connection
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between two units of the same layer. Units of two layers
are fully connected. Fig. 1 presents a structure of MLP
with L + 1 layers, in which the Oth layer is the input layer,
the output layer is the Lth layer, L is a certain constant,
and y is the predicted value.

Figure 1: Multi-layer percetron with L + 1 layers.

Let x be a training example, W!! and b!¢! be parameters
at the layers £ (0 < ¢ < L), the hidden and output values
of the ¢th layer are calculated as follows:

A6 = wlelgle-11 4 ple, 1)

alfl = gl (101 = IOl (el gle=11 4 plely (g

At the input layer a!°! = x and at the output layer
Ll = ZIL1 1t means that we use the identity function
as the activation function at the output layer. The function
g!1(.) in Eq. 2 is the activation function at the £th layer.
In our experiments, we use tanh as the activation function
at all hidden layers: tanh(z) = Ei:j:ﬁ Given a training
set D = {(x1,yM), (x®,y@) . (x" y™)) | training
MLP is to find the optimal values of parameters 6 = {W, b}
that minimizes the objective function J(8). We employ the
mean squared error as the objective function presented in
Eq. 3, in which f(x; #) is the learned model. The Algorithm
1 is used to train MLP.

al

1) =3 (60 = fxD:0))° G
i=1

2. PSO

PSO is a metaheuristic algorithm and was invented by
Kennedy and Eberhart [33]. It attempts to simulate social
behaviors of animals that fly, such as swarming behaviors
observed from flocks of birds or swarms of bees. In a
PSO system, a particle represents a potential solution of
the optimization problem being solved. A basic principle is
to randomly generate an initial swarm of particles and then
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Algorithm 1: SGD with backpropagation

1 Inputs: Learning rate e, the number of
mini-batches K, training set D.

2 Outputs: Parameters Wl¢!, pl¢]

3 Initialization: W1, plf]
initialization.

4 for i =1 to epoch do

5 fort=11 K do

6 Sample a mini-batch of examples from the

training set.

// Back-propagation:

with ¢ € {1...L}.

// we use Xavier

7 Forward pass: Calculate z!‘! and a!¢!
according to Eq. 1 and Eq. 2

8 Backward pass: Calculate partial derivatives
dwlil and db given dalll

9 dz!!] (1

10 awlll (a [=1HT

1 dp!l = dz[”

12 dal!=11 = (WHHT g 11]
// Update parameters using
Nesterov Momentum [51]
13 Update Wl
14 Update b/
15 end
16 end

let them fly through the search space according to their
flying experience. During flying, positions and velocity of
particles are changed and the change to position of a particle
is influenced by its own best position (denoted as pbest) and
the global best position of the swarm (denoted as gbest).

Let x; = (i1, X2, - - - » Xig) and v; = (v;1, V2, ..., Vig) be
respectively the position and velocity of the ith particle in
d-dimentional search space. Given a fitness function, at the
time ¢, pbest corresponding to the best fitness value of the
ith particle is pbest; = (pbest;|, pbest;y, . .., pbest;q) and
gbest; = (gbest|, gbest,,...,gbesty) is the fittest value
found so far in the swarm. The updating rules for the new
position and velocity at the time 7+ 1 of the ith particle are
presented in Eq. 4 and Eq. 5 [52].

(t+1) (t)

Vi EmEy;
+cp % rand * (pbest(t) (;)) 4
+ ¢y * rand * (gbest(t) .(][.)),
(t+1) x(r) (t+]) 5)

tJ ij l] ’

where m, ¢y, cp are configuring parameters and rand is a
random value representing the stochastic characteristic of
PSO.

88

Generally, there are three ways to train MLP using PSO.
The first way is to use PSO to find a combination of
weights and biases which minimizes the objective function
of MLP. The second way is to use PSO to find the optimal
structure of MLP (i.e., the number of layers and the number
of neurons in each layer). The third way is to use PSO to
tune hyper-parameters such as learning rate and momentum.
In this work, we employ PSO following the first way. In
particular, we employ the PSO-BP algorithm presented in
[53] to train MLP.

3. Deep Belief Networks

Deep Belief Networks were initially invented by Hinton
[54] and have been implemented successfully in feature
learning. A DBN models the joint distribution between the
observed vector and hidden layers. It is a stack of RBM to
form a deep architecture. The Equation 6 represents a DBN
with ¢ hidden layers and the observed vector x.

-2

nty = ([ [P E* D) P ) (6)

k=1

P(x,hl,...,

where x = h°, P(h*~1|h¥) is a conditional distribution for
visible hidden units in a RBM associated with the level
k of the DBN and P(h‘~!, h’) is the visible-hidden joint
distribution in the top-level RBM.

RBM is a special type of generative-energy based models
that can find out a probability distribution over its topology
[30]. A RBM consists of two layers, a visible layer and a
hidden layer, whose units undirectedly and symmetrically
connect together and there is no connection among units
in the same layer. We use the implementation of RBM in
DeepLearning4j using Gaussian visible units and hidden
rectified linear units [55]. The energy of the joint configu-
ration, E (v, h), between visible and hidden units of a RBM
is defined in Eq.7 [55].

E(v,h) = Z (Vl a;)

Zb hj— Z —h wi (1)

l]l

where v; and h; are visible unit i and hidden unit j,
respectively; a; and b; are the biases and w;; is the weight
between them, n and m are the numbers of visible and
hidden units, respectively. This energy function is used to
compute the probability assigned to each possible pair of
visible and hidden units. The probability of a configura-
tion is determined by the energy of the configuration as
presented in [55]. Fig. 2 presents the structure of a DBN
stacking three RBMs. A regression layer (fully-connected

Zhttps://deeplearning4j.org



layer) is attached after a stack of multiple RBMs in which
the hidden layer of every RBM is regarded as the visible
layer of the next RBM.

Pre-Training

Fine-tuning

Figure 2: A Deep Belief Network with three hidden layers. Left, the
Greedy Layer-wise Unsupervised Pre-training. Right, fine-tuning for
smoothing of parameters.

Algorithm 2: Contrastive Divergence k=1

1 Inputs: The input v, learning rate a.
2 Outputs: Parameters W, a, b.

3 vy <V

4 for all hidden units i do

5 compute Q(hy; = 1]vg) =
ReLU(b; + Zj WijV()j)
6 sample hgy; from Q(hg; = 1|vg)
7 end
8 for all visible units j do
9 compute P(vi; = v;lho) =
2
o—jl/ﬁexp(_(vjiajio—;o?i Wiihoi) )
10 sample vy from P(vi; = v;|ho)
11 end
12 for all hidden units i do
13 ‘ compute Q(hy; = 1|vy) = ReLU(bi+Zj Wijvij)
14 end

W W+a(h0vg —Q(h. = 1|v1)v1T)
b —b+aChy—Q(h. =1[v1))

a—a+a(vg—vy)

Training DBN typically consists of two major steps.
In the first step, an unsupervised learning algorithm is
performed to obtain near-optimal parameter values of the
network [30]. This algorithm is a kind of greedy algorithms
in which each RBM is separately and independently trained
using unlabeled data by the Contrastive Divergence (CD)
learning method [55] in consideration of reconstructing the
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Algorithm 3: Greedy Layer-wise Unsupervised Pre-
training of DBN

1 Inputs: The input training distribution for the
network p, learning rate a, the number of layers L,
the numbers of units in layers n = {n',n?, ...,n"}.

2 Outputs: W¢, b’ with €€ {1...L}.

3 Data: Training set X

4 Initialization: W["], ple]

sfor{=1t L do

6 | Wi=0,0=0

7 while not stopping criterion do

8 sample h° = x from p

9 fori=1t¢-1do

10 ‘ sample i from Q(h|hi™")

11 end

12 call Algorithm2(h‘~!, a, W&, b¢, b¢1)
// providing Q(h|h™') for
future use

13 end

14 end

Algorithm 4: Training DBN

1 Training set: X

2 Pre-training:

3 {W,b} « pre —train(X) // Algorithm 3
4 Fine-tuning:

5  {W,b} « fine —tune(X) // Algorithm 1

input. In [56], the authors indicated that better initial values
of parameters can be obtained by the layer-wise unsuper-
vised training than those obtained by random initialization.
In the second step, the entire network is then fine-tuned
by BP with labeled data in a supervised manner. The
Algorithm 2 implements CD algorithm represented in [57]
in which k is set to one.

IV. EXPERIMENTAL RESULTS
1. Study Areas

The study areas are Srepok River (Fig. 3) and Dak Nong
River (Fig. 4). Dak Nong and Srepok are important rivers
in the Central Highlands of Vietnam. Dak Nong basin a
total area of about 292km? and is located between latitudes
11.59° N to 12.15° N, longitudes 108.40° E to 108.42° E,
and altitudes about 500m to 1500m whereas Srepok has
a total area of about 18.200km?> and is located between
latitudes 12.53° N to 13.55° N, longitudes 107.30° E to
108.45° E and altitudes about 200m to 2500m. Both rivers
are surrounded by multiple mountains and have sloped
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Figure 3: Srepok River.

terrain. The datasets collected contains runoff and rainfall
data.

2. Datasets

The runoff of Srepok is collected at Buon Don Hy-
drology station as presented in Fig. 3 and the runoff of
Dak Nong is collected at Dak Nong Hydrology station as
presented in Fig. 4. Srepok runoff is divided into 1990-2009
for training and 2010-2011 for testing, while the Dak Nong
runoff is divided into 2001-2005 for training and 2006-2007
for testing. Table I presents statistics of the datasets.

3. Data Pre-Processing

The original time series, denoted as ¢ = {t1,17, . .
will be converted to S which consists of s;
{ti, tisls - .. sti+(m—1)><7}, i=1,2,....n—-(m—-1)x7.1In
which 7 (lag) and m (window size) are parameters used
for configuration settings, normally 7 = 1 and m is set by
experience or experiments. For example, for data collected
from Dak Nong in the range of Sep. 19, 2007 to Sep. 24,
2007, t = {43.1,45.5,84.2,74.4,68.1,66.4}, with m = 4
and T = 1, we obtain S as follows, in which the i’ row is
Sie

. 9tl’l}9

43.1,45.5,84.2,74.4
45.5,84.2,74.4,68.1
84.2,74.4,68.1,66.4

S
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Figure 4: DakNong River.

Then each s; is used to generate a training example.
Let D = {(x,yM) (x@ y@) . (x", y™)} be the
training set, given s; and its length ¢, the i training
example (x®,yD) = ([s;1, 812, .,5i(¢-1)], si¢). For in-
stance, with the above-mentioned example, the training set
is generated as follows:

(x(D,y(0) = ([43.1,45.5,84.2], 74.4)
(x@,y?) = ([45.5,84.2,74.4],68.1)
(x®),y3) = ([84.2,74.4,68.1], 66.4)

Partial Autocorrelation Functions (PACF) and Cross Cor-
relation Functions (CCF) can be used to identify 7. There-
fore, we analyze the relationship between rainfall and runoff
data. Fig. 5 presents the partial autocorrelation values of
Srepok runoff (Fig. 5a) and Dak Nong runoff (Fig. 5c)
whereas Fig. 5b) and Fig. 5d) exhibit the cross correlation
values of rainfall with Srepok runoff and rainfall with Dak
Nong runoff, respectively. The results demonstrate that the
Dak Nong runoff is autoregressive and lag 1 is the most
appropriate setting whereas with lags set to the range of —4
to —1, the Dak Nong rainfall has highest cross correlations
(approximately 0.55) with the Dak Nong runoff. The partial
autocorrelation values indicate that the Srepok rainfall has
weak cross correlations with the Srepok runoff (approxi-
mately 0.3 at lags of —4, —5 and —6). Naturally, rainfall
data commonly have significant impact on runoff, thus the
results of PACF are slightly extraordinary.
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TABLE I
THE STATISTICS OF RUNOFF TIME SERIES.

Min Max

Standard

River Period #Days Mean  Variance o Skewness  Kurtosis
(m3/s) (m3/s) deviation
Srepok 1990-2011 8036 10.2 3220 294.57  80272.3 283.32 29 14.86
Dak Nong  2001-2007 2557 1.2 147 17.69 502.52 22.02 2.06 4.46
TABLE II

Partial ACF
02 04 06 08 10

0.0

0.00 0.10 020 0.30
L

(b) CCF of rainfall and Srepok runoff

Partial ACF
02 04 06 08 10

0.0

ACF
0 0.2 0.4
L1

Lag

(d) CCF of rainfall and Dak Nong runoff

Figure 5: (a) and (c) exhibit the partial autocorrelation values of Srepok
runoff and Dak Nong runoff, respectively whereas (b) and (d) exhibit the
cross correlation values of rainfall with Srepok runoff and rainfall with
Dak Nong runoff, respectively.

4. Results

We run DBN, LSTM, and BiLSTM using a personal
computer equipped with CPU core 13 6100 and NVIDIA
GTX 1080 8GB GDDRS5X PCI Express 3.0 Graphics Card
and run MLP-SGD and MLP-PSO on a server equipped
with CPU Intel Xeon E5 2620 v4 8-Core 2.1GHz and
128GB RAM DDR4 2133MHz. The performance of trained
models is assessed by using four standard statistical perfor-
mance evaluation criteria. The statistical measures consid-
ered are coefficient of correlation (R), Root Mean Square
Error (RMSE), Mean Absolute Percentage Error (MAPE),
and Mean Absolute Error (MAE) as follows.
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THE PERFORMANCE OF DBNS WITH DIFFERENT
CONFIGURATIONS DURING TESTING PHASES TO THE SREPOK

RIVER.
#hidden #nodes per a MAPE RMSE MAE R
layers hidden layer
10 16459  78.672 45.771 0.950
15 16.264  78.460 45.539 0951
2
25 16.640  79.991 45918 0.950
10 16.168  78.471  45.191 0.952
4 20 16.427  80.053 46.093 0.949
25 16.401 79.266 45718  0.950
10 17.050 81.209 46.900 0.948
15 16.867  80.524  46.255 0.948
6 20 16.802  80.151 46.060 0.949
25 16.538  80.303 46.139  0.948
10 16.725 80.932 46.654 0.948
15 16.357 80.543 46.064 0.948
8 20 16.375 80.798 46.134  0.947
25 16.372  80.542 46.134  0.948
10 16.624  80.880 46.479  0.948
15 16.394  80.847 46.001 0.947
10 20 16.325  80.739  46.110  0.948
25 16.525 80.642 46.291 0.948
*,((0; - 0)(P; - P))
R= e ®
VS (05 - 00251 (P - P2
1 n
RMSE =4[~} (0; = P))%, ©)
n 4
i=1
1< 0 - P;
MAPE = — Z M, (10)
n < 0,‘
i=1
1 n
MAE =} [(0: = P)l, (11)
i=1

where O; is the observed runoff at time i; O is the average
observed runoff; P; is the predicted runoff at time i; Pis the
average predicted runoff; and n is the number of observed
runoff data.

To explore an optimal DBN structure, we use the trial-
and-error strategy in which the numbers of hidden layers
and the numbers of nodes per hidden layer are set in
{2,4,6,8,10} and {10, 15,20, 25}, respectively. For each
configuration of DBNs, learning coefficients including
learning rate, epoch, etc. are set as in the training process
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THE PERFORMANCE OF MLP-SGD, MLP-PSO AND DBN DURING TRAINING AND TESTING PHASES ON THE SREPOK RIVER

TABLE III

Training Testing
MAPE RMSE MAE R MAPE RMSE MAE R
LSTM 7,791 74,530 27,655 0.961 24,253 89,393 53,987 0.930
Bi-LSTM 8,520 73,871 28,683 0.962 26,526 90.664 55,947 0.926
MLP-SGD 9,891 63,870 22,781 0.975 16,922 83,084 47,014 0.950
MLP-PSO 8,429 63,387 22,298 0.976 17,537 81,948 47,228 0.951
DBN 6,951 51,901 21,750 0.977 16,164 78,470 45,241 0.952

of MLP-SGD. Note that we set up instances of MLP
in both models, MLP-SGD and MLP-PSO, consisting of
two hidden layers and 20 hidden nodes per layer. Epoch,
learning rate values are set to 100, 000, 0.01, respectively,
when training MLP-SGD. Table II shows the performance
of DBNs with various configurations on the testing runoff
of Srepok River. The experimental results indicate that two
configurations, in which the numbers of hidden layers and
the numbers of nodes per hidden layer are set to 2 and 20 or
4 and 15, give nearly identical and superior performance.
With the Dak Nong River, the combination of 4 hidden
layers and 25 hidden nodes per hidden layer gave the best
performance since the values of MAPE, RMSE, MAE and
R are 10.408, 5.038, 2.037 and 0.986, respectively.

Figs. 6 shows the hydrograph and scatter plots of both the
observed data and the predicted data obtained by using the
MLP-SGD, MLP-PSO and DBN models on both training
and testing runoffs. It can be observed from the hydrographs
and scatter plots that the predicted results of DBN are
closer to the corresponding observed runoff values than
those of the other models. As observed from the fit line
equations (under the formula of y = ax + b) in the scatter
plots, the a and b coefficients of DBN are, respectively,
0.9568 and 18.602 leading to a higher R? value of 0.908
than those of MLP-SGD and MLP-PSO models. In the
testing phase, the Srepok runoff has min, max and average
values of 19.9, 1,750 and 303.85, respectively; and the Dak
Nong runoff has min, max and average values of 1.26, 147
and 22.07, respectively. Therefore, MAE values 45.241 and
2.037 corresponding to running of DBN on testing runoffs
of Srepok and Dak Nong Rivers indicates that DBN is
significantly acceptable to predicting the daily river runoff
in short term. In addition, the training cost of DBN is the
shortest.

Table III and IV present the comparison of performance
of LSTM, BiLSTM, MLP-SGD, MLP-PSO and DBN on
training and testing runoff, respectively. The experimental
results indicate that DBN significantly outperforms LSTM,
BiLSTM, MLP-SGD and MLP-PSO. The results also show
that BiLSTM is the worst model and both MLP-SGD
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Figure 6: The hydrograph and scatter plots of observed and predicted
values obtained by using MLP-SGD, MLP-PSO and DBN on the testing
dataset of the Srepok River.

and MLP-PSO outperfoms LSTM and BiLSTM. In this
study, the population of each swarm is set to 100 and the
evolutionary process is iterated for 500 times. LSTM and
BiLSTM are trained in 20,000 epoches in which the batch
size is set to 365 and Adam is used as the optimizer.

5. Peak analysis

Detecting peaks of any rivers is essential because it can
give helpful warnings to timely decision-making. Outliers
are detected by using boxplot as an instance presented in
Fig 7 where the outliers of Srepok runoff are shown by year.
Following a propose in [58], the peaks are outliers whose
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TABLE IV
THE PERFORMANCE OF MLP-SGD, MLP-PSO AND DBN DURING TRAINING AND TESTING PHASES ON THE DAK NONG RIVER.

Training Testing
MAPE RMSE MAE R MAPE RMSE MAE R
LSTM 8,707 2986 1,407 0.987 15934 7203 3,296 0.966
Bi-LSTM 7901 2471 1,156 0991 16,842 7,693 3,423 0.962
MLP-SGD 14,367 3,570 2,690 0.977 10,542 5,160 2,104 0.984
MLP-PSO 18,766 5,430 3,226 0978 15,056 6,131 4,139 0.973
DBN 11,031 3,274 1,419 0981 10,408 5,038 2,037 0.986

3000 -
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Figure 7: The boxplot of the Srepok runoft by year.

TABLE V
THE PERFORMANCE OF MLP-SGD, MLP-PSO AND DBN IN TERMS OF CAPTURING PEAKS

Srepok Dak Nong
MAPE RMSE MAE MAPE RMSE MAE
MLP-SGD 15,650 268,145 173,631 16,754 27,520 19,136
MLP-PSO 15,298 256,311 167,550 15,961 22,712 17,406
DBN 16,188 261,889 175,440 21,249 38,476 23,755

values higher than 1.5xIQR. In the testing data, there are
35 outliers in Srepok runoff and 25 outliers in Dak Nong
runoff, respectively. These outliers are considered as peaks.

Table V shows that the performance of MLP-PSO is
superior to MLP-SGD and DBN when capturing the peaks
of both Srepok and Dak Nong rivers. While the average
peaks of Srepok and Dak Nong rivers are 1041.2 and
108.18, respectively, the best MAE values are 167.550
and 17.406 corresponding to these average peaks. Such
predicted results are very far lower than the real val-
ues. Therefore, in order to predict peaks of runoff more
accuracy, three models MLP-SGD, MLP-SPO, and DBN
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investigated in this article need to be improved.

V. CONCLUSION

In this research, we propose a method for river runoff
prediction based on Deep Belief Networks. In order to
evaluate the method, we conduct experiments on datasets
collected from two rivers in Vietnam. The experimental
results demonstrate that DBN is an effective method for
short-term river runoff prediction. For capturing the peaks
of rivers, among methods employed in experiments, MLP-
PSO outperforms both MLP-SGD and DBN. Overall, the
results confirm that DBN is suitable to employ for the task
of runoff prediction.
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However, the Contrastive Divergence algorithm used to
train DBN has biases and needs to be improved. Moreover,
unsupervised representation learning have recently been
successful in natural language processing and some break-
through ideas in that field have been borrowed for time
series prediction such as methods based on CBOW [59],
sequence-to-sequence model [60] or transformers [61].
Such pre-trained models can be exploited to transfer learnt
knowledge to the task of runoff prediction. In addition,
deep learning has shown remarkable performance in various
fields [23] and can be adapted to runoff prediction. We put
those lines of research in future.
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