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ABSTRACT

With the enormous development of aquaculture, reducing the impacts of effluent discharge and improving water quality
has become a critical global environmental concern. It is important to assess and predict water quality in the environmental
management process of shrimp mariculture. Meanwhile, accurate forecast of water quality in mariculture systems is still
in the initial stages at present. In this study, deep belief networks (DBN) models were used to forecast water quality in
intensive shrimp culture system. This method based on deep learning includes a five-layered structure to extract relationships
between the quantitative characteristic of water bodies and water quality variables. The water quality was forecasted using
the Canadian Water Quality Index (WQI) obtained from the output layer of simulated model. The results show that the DBN
model has a great potential to predict water quality and the ability of generalisation and accuracy of model is satisfied.
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Introduction

Shrimp farming is one of the most important
commercial activities in the coastal zone of many tropical
and subtropical countries around the world (Gillett, 2008).
However, deteriorating water quality has caused disease,
mortality and slow growth of shrimp (Thitamadee e? al.,
2015) and has turned into one of the major obstacles
to increasing yield (Ferreira ef al., 2011). In addition,
effluent discharge of cultivation ponds usually enriched
in nutrients and antimicrobial agents may severely affect
ecosystems adjacent to shrimp farms (Anh et al., 2010).
If the quantitative characteristic information of water
bodies can be obtained in advance, potential dangerous
situations in shrimp ponds and negative effect over the
ecosystem could be avoided before they appear. Therefore,
predicting the water quality in intensive shrimp culture
ponds is an important goal during the culture period and
before sewage discharges.

Several studies have used regression approaches to
construct water quality predictive models (Lopes et al.,
2005). These models are not only time consuming but
also prone to prediction errors because they are simplified
into a linear process (Singh et al., 2009). However,
water quality in aquaculture ponds is a highly dynamic
and complex phenomenon. Recent studies have applied
data-driven models to address water quality prediction

(Gutierrez-Estrada et al., 2004; Li et al., 2012; Liu et al.,
2012; Sun et al., 2012; Ma et al., 2014). Although data-
driven techniques can deal with nonlinear and complex
phenomenon successfully, most of these models, such as
the artificial neural networks (ANN) have some limitations
in managing the uncertainty and highly nonlinear cases
through conducting only one hidden layer of framework,
which is called shallow learning (Zhang et al., 2016). As
long as sufficient neural units are added, shallow learning
techniques can also approximate an arbitrary nonlinear
function (Schmidhuber, 2015). Nevertheless, it will result
in an extremely slow learning speed and over-fitting
(Panchal et al., 2011). The emergence of deep learning
architectures provide effective tools for forecasting
highly dynamic and complex phenomena (Hinton and
Salakhutdinov, 2006).

Deep learning can build a hierarchical structure like
the human brain, reproducing more detailed information
by learning data set from lower to higher layers. This
approach has a more superior ability of representation
and generalisation than traditional techniques (Le Roux
and Bengio, 2008). As a typical deep learning approach,
deep belief networks (DBN) have attracted wide spread
attention and has gained some achievement in the fields
of pattern recognition (Nie ef al., 2015; Liu et al., 2016)
and complex phenomena prediction (Cheng ef al., 2017).
Some studies also demonstrated that DBN-based drought
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prediction model (Chen et al., 2012) and algal bloom
forecast model (Zhang et al., 2016) have an advantage over
the shallow learning approach in respect of generalisation
and accuracy.

In a shrimp culture system, numerous complex
interrelated processes affect water quality and water quality
variables have complicated non-linear relationships with
one another. To the best of our knowledge, relatively few
researchers have used deep learning as basis in studying the
prediction of water quality in culture systems. This study
attempted to develop a water quality forecasting model
based on DBN approach through the Water Quality Index
(WQI) calculated from nine environmental parameters
in intensive shrimp culture ponds and to demonstrate
its application to complicated non-linear relationships
between input and output water variables.

Materials and methods
Sampling

The data set used in this study was generated by
continuously monitoring the water quality in twelve
shrimp culture ponds in Ningbo, Zhejiang Province,
eastern China (29°32'N; 121°31'E). These same size ponds
(ca. 2,000 m?, 1.5 m deep) are located in greenhouses
and are identically managed in terms of seawater inputs,
daily water exchange rate (5%), shrimp stocking density
(360,000 nos. per pond), feed type and schedule. Bottom
aeration is applied to maintain a suitable level of dissolved
oxygen.

The surface water samples (25-50 cm) were collected
weekly. To mirror the spatial variability within ponds,
samples were chosen from four representative points
(similar locations among the ponds) and combined to form
a composite replicate sample representing a given pond
and time point. In total, we collected 708 water samples
(twelve ponds x fifty-nine time points). The samples were
immediately transported (within 4 h) to the laboratory in
icebox.

Water temperature (WT), pH, dissolved oxygen
(DO) and salinity (Sal) were recorded in situ with a
multi-parameter probe (YSI 6000, YSI Inc., Yellow
Springs, USA). The levels of ammonia (NH,"), nitrate
(NO,), nitrite (NO,) and orthophosphate (PO,*) were
analysed following standard methods using an automated
spectrophotometer (Smart-Chem 200 Discrete Analyzer,
Westco Scientific Instruments, Brookfield, USA).
Chlorophyll-a concentration (Chl a) was measured using
a multi-wavelength submersible fluorescence probe
(FluoroProbe, Kiel, Germany).
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Water Quality Index (WQI)

The Canadian Water Quality Index (CCME WQI)
proposed by the Canadian Council of Ministers of the
Environment (2001) was adopted to evaluate the degree of
water quality in this study. The advantage of CCME WQI
includes the ability to represent measurements of numerous
variables as a single number, the ability to combine various
measurements in different units of measurement into a
single metric value and the facilitation to communicate
the results. Practitioners are also free to select appropriate
water quality parameters and guidelines for their purposes
therefore accommodating the specific water body (Hurley
et al., 2012). This index has been applied to characterise
the water quality for several intended uses including
drinking water (Khan et al., 2003), surface water (Lumb
et al., 2006) and rearing water (Ferreira et al., 2011).
The CWQI is a mathematical instrument that compares
the measurements of water quality parameters with the
guidelines to produce a single score ranging from 0 to 100.
Zero represents the worst water quality, whereas a score
close to 100 represents excellent water quality. Based on
the reference values, the recommended values for the nine
water quality parameters used in this paper are listed in
Table 1.

The values of WQI were calculated using the
following equation:

WQI=100- (VF%+FZZ+F32 ) M

1.732

where F| (Scope) is the number of selected variables whose
objectives are not met, F, (Frequency) is the frequency
with which the objectives are not met, F, (Amplitude) is
the amount by which the objectives are not met. Detailed
information of functions and application are described in
the User’s Manual of CCME (CCME, 2001).

Deep Belief Networks

A typical DBN is usually based on sequence serial
training with restricted Boltzmann machines (RBMs).
An RBM contains a visible and a hidden layer, with
weighted connection with each other (Fig. 1). A visible
layer is composed of input nodes and output nodes and
every hidden layer is composed of several hidden nodes.
Nodes (units per neurons), v in the visible layer have no
connections between them and are connected to all other
units, /# in the hidden layer. The connections between
nodes with weight, w are bidirectional and symmetric. The
RBM has been mainly used as learning and generative
modules that are composed to form DBN.

Each RBM extracts potential relationships behind the
input data and the output of low-level RBMs is taken as
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Table 1. Guideline values of water quality variables for marine shrimp culture from literature and the values recorded during the

present study

Parameters

Recommended range

Chen CGWQSF  Van Wyk et al. Ferreira et al. Carbajal-Hernandez Maeral.  Present
(1985)  (1989) (1999) (2011) et al. (2012) (2013)  study
Temperature (°C) 28-33°C 28-32 >24 20-30 27-30 27-30
DO (mg 1) >3.7 >3 5.0-9.0 >3 >5 - >3
pH 8.0-8.5 7.0-8.5 7.0-8.3 >7 6.5-9.5 7.7-8.3 7.0-8.5
Salinity (%o) 15-25 0.5-35 >15 15-23 - 15-25
Ammonia (mg I'') 0.1° <0.02™ <003 <0.2" 0.1-1.0%; <0.1™" <0.02"" <0.2"
Nitrate (mg 1) - <60 <0.2 <0.5 <1 <1
Nitrite (mg 1) - <1 <0.7 0.4-0.8 <0.38 <0.5
Orthophosphate (mg I'") - - <0.2 0.1-0.3 - <0.2
Chlorophyll-a (mg 1) - - <0.01 0.05-0.07 <0.01 0.05-0.07
"NH, , - Total ammonia; ** NH, - un-ionised ammonia (toxic form)
hl h2 h3 n
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Fig. 1. Structure of a standard RBM Hidden layer 1
the input data of high-level RBMs. The greedy layer-wise . J
unsupervised learning algorithm for DBNs which is based
on sequence training with RBMs proposed by Hinton )
et al. (2006) was adopted in this study. Hidden layer 1
Prediction model based on deep learning RBMI
In our case, the water quality forecast model is Visible layer

based on a five-layered neural network which consisted
one input layer, three hidden layers and one output layer
(Fig. 2). The input layer is used for data import of water
quality variables. In order to efficiently train the hidden
units, a visible layer was added with three hidden layers
together into three RBMs. The output layer is used for
generating the WQI index, which can reflect the status of
water quality. The main steps using DBN-based model for
water quality forecast were as follows:

Step 1: Obtained the value of WQI by calculating the time
series of water quality variables data

Step 2: Checked the statistical feature of data set. If
the data were not normally distributed or did not show

Fig. 2. Structure of the water quality forecast model based on
deep learning

homogeneous variance, they were log transformed. Then
the data set was divided into training data and testing data.

Step 3: Imported the training data and trained the DBN
model by unsupervised deep learning. According to the
criterion of smallest root mean square error (RMSE), the
optimal network structure and parameters of the DBN
were determined. Then a multi-layered architecture as the
water quality forecast model was built.
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Step 4: Applied testing data to test the proposed model.
If the performance of model was able to meet the
requirements, then returned to Step 3 and retrained.

Model performance criterion

In the present study, the root mean square error
(RMSE) was adopted to assess the performance of the
DBN model. The numbers of hidden nodes, iteration
number and the learning rate of the RBM have significant
effect on the performance of forecast model. Once the
RMSE of the trial was the smallest, the model parameters
were selected as the optimum combination.

Results and discussion

The number of input units was based on the number
of water quality variables imported in the training. The
proper number of nodes in hidden layers ranged from
\nto (2n+1), where n was the number of input units. Thus,
nineteen levels of the number of hidden units ranging from
3 to 21 were tested and 672 samples as the training data
were taken to generate the proposed model. The learning
rate and iteration number were fixed as 0.01 and 1000,
which are the most common parameters of deep learning.
When the number of units was 10 in the hidden layer, the
RMSE was the smallest (Fig. 3). The numbers of hidden
units were then fixed as 10 and the iteration number was
fixed as 1000 and the RMSE of model in different learning
rates was tested for determining the optimal learning rates.
The performance of DBN was best when the learning rate
was 0.01 (Fig. 4). When the hidden nodes and learning rate
were fixed as 10 and 0.01, tests were done for obtaining
the optimal iteration number. There was no significant fall
in the value of RMSE with increasing iteration number
from 1000 to 10,000, but the training time was stretched
to some extent. Thus, the optimal structure of a deep
neural network for water quality in this case was 9 units
in a visible layer and 10 units in three hidden layers and
one unit in the output layer. The learning rate and iteration
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Fig. 3. RMSE of DBN in different number of hidden nodes.
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number of the model training were determined to be 0.01
and 1000, respectively.

The comparison between measurements and
forecasted value of WQI in shrimp pond are shown in
Fig. 5. It is obvious that the forecast data were very close
to the actual ones. The results show that the DBN model
was suited to predict WQI and could obtain high precision.

In the present study, the prediction model based on
DBN was used to predict the water quality of shrimp
culture water. A sample of shrimp farms in eastern China
was used as a test case. The predicted results showed
that the DBN-based model was reliable and efficient for
forecast of CWQI. The DBN model appears to be good
enough in terms of generalisation and accuracy, which
could meet the needs of the water quality forecast in shrimp
ponds. This methodology can be useful in water quality
management decisions. While the flexibility of deep belief
network as a potential model for the purpose of predicting
water quality in shrimp farms was demonstrated, the
final aim is to prove the feasibility and practicality
of application of DBN in predicting disease outbreak
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Fig. 5. Comparison of results between measurements and
predicted values using DBN for different test samples
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or/and shrimp production. In fact, given the complexity
of miscellaneous factors affecting shrimp production, the
prediction model based DBN appears to be not apt for the
purpose of production forecasts. Therefore, presently we
propose the deep belief network only for forecast of water
quality in shrimp cultivation environment.
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