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Abstract:  Lakes have undergone extensive change as a result of widespread qualitative degradation. Each lake is the recipient of 
substances such as organic loads, phosphorus compounds, nitrogen compounds, various toxic compounds and trace 
metals. In a developing world where water is extensively polluted, many models have been applied to predict water 
quality parameters with the help of Machine Learning. Nowadays, Deep Neural Networks, as an upgraded and 
complex version of Artificial Neural Networks, have improved the state-of-the-art in many scientific fields such as 
environmental studies. The purpose of this paper is to test the ability of Deep Neural Networks to predict in real-time 
the quality parameter of Dissolved Oxygen (DO), in Lake Kastoria, in Greece. In order to reach the aforementioned 
goal, a dataset from November 11, 2015 to March 15, 2018, on an hourly basis from Gkiole and Toichio telemetric 
stations located in the study area, is used. The available dataset consists of 1) Chl-a (µg/L), 2) pH, 3) Tw (°C), 4) 
Conductivity (μS/cm), 5) Turbidity (NTU), 6) Ammonia nitrogen (N-NH4, ppm), 7) Nitrate nitrogen (N - NO3, mg/L) 
and 8) Dissolved Oxygen (mg/L). A Feed Forward Deep Neural Network (FF-DNN) of DO is tested for both stations, 
based on MAE, MSE and NSE statistical descriptors. The well-trained DNNs produce results with a good predictive 
ability for both stations. 
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1. INTRODUCTION 

Geographically, lakes comprise the lowest points of an internal catchment’s area, collecting the 
surface runoff water from the hydrographic network. Their physical, chemical and biological 
responses to the climate give a variety of priceless information. In recent years, water bodies have 
undergone extensive change as a result of widespread qualitative and quantitative degradation. In 
terms of quality deterioration, the first signs of pollution were identified in the surface waters 
including lakes and rivers, so the need for collecting, studying and evaluating the information given 
from the lake is of paramount importance. Therefore, the need for monitoring and modeling lakes’ 
physical, chemical and biological responses is crucial (Williamson et al., 2009). 

Machine Learning (ML), an application of artificial intelligence, is a rapidly developing field. To 
perform a task, Machine Learning comprises a learning process with an objective to learn and 
improve from experience (training data). A dataset in ML (also known as features or variables) can 
be qualitative (nominal, ordinal, binary) or quantitative (discrete or continuous). In order to 
calculate the performance of ML models, statistical and mathematical models are used. At the end 
of the learning process, the trained model can be used to predict new examples from the testing data 
with the help of the experience gained during the training procedure (Liakos et al., 2018). One 
clearly understands the importance of data sets (Monitoring) in order to apply Machine Learning 
techniques. 

Deep Neural Networks (DNN) are an upgraded and complex version of Artificial Neural 
Network. They are most widely referred to as Deep Learning (DL). DNN’s are simply an ANN with 
at least two hidden layers between the input and output layers. Depending on the nature of the 
problem, it can be supervised, partially supervised, or even unsupervised. A Deep Learning system 
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is self-teaching. One of its main advantages is that the computer trains itself to learn from data in a 
similar way to humans. This procedure is possible due to the layers of ANNs (Liakos et al., 2018).  

As it is described above, the simplest Artificial Neural Network consists of one hidden layer. In 
case that an ANN has more than three layers, including input and output layer, is called Deep 
Neural Network. In other words, without neural networks, there would not be Deep Learning. 
ANNs are significantly different from other computing techniques as a) they do not use symbols to 
represent model concepts, b) they do not program the behavior of the model and c) they are 
programmed to learn to produce specific outputs with given inputs. 

Differences between Artificial Neural Networks and Deep Neural Networks are listed below 
(Georgouli, 2005; Koutsoukas et al., 2017): 
 The structure of the networks comprises the primary difference between Artificial Neural 

Networks and Deep Neural Network as described above. 
 Deep Neural Networks need large amount of data in order to complete their learning process 

comparatively to Artificial Neural Networks. In Deep Neural Network learning process is 
time consuming. 

 Deep Neural Network is also called the Black Box, because the learning process in Deep 
Learning is very hard to explain. 

 Deep Neural network is more accurate. 
 
The concern of scientists, in the applications of Artificial Neural Networks (ANN) in Hydrology 

and Water Resources Management, has been increasing in recent years. The application of Artificial 
Neural Networks (Traditional or Deep) has been introduced, in the field of hydrological studies and 
water balance parameters, linear and non-linear, such as precipitation, evaporation, runoff and 
various water quality parameters and it has been concluded that the results produced are quite 
satisfactory in that concerns the field of forecasting (Diamantopoulou et al., 2005; Emamgholizadeh 
et al., 2014; Alizadeh et al., 2015; Antonopoulos et al., 2016; Sentas et al., 2016; Sentas et al., 2018; 
Karamoutsou and Psilovikos, 2019; Lu et al., 2019; Zhai et al., 2019; Chen and Wang, 2020; 
Mellios et. al., 2020). 

Nowadays, Deep Neural Networks have improved the state-of-the-art in many scientific fields 
such as environmental studies (Lek et al., 1996). That is the reason why Neural Network techniques 
have been applied in many case studies to predict Dissolved Oxygen (Ranković et al., 2010; 
Akkoyunlu et al., 2011; Ay and Kisi, 2012; Han et al., 2012; Wen et al., 2013; Supian et al., 2018), 
Turbidity (Fan et al., 2016; Khairi et al., 2016; Cao et al., 2019) and Chl-a (Muttil and Chau, 2006; 
Kuo et al., 2007; Cho et al., 2014;) in rivers and lakes. 

French and Recknagel (1994), were first applied a Feed-Forward ANN to make predictions of 
abundance of species of phytoplankton in Saidenbach Reservoir in Germany. Cho et al. (2014) and 
Karul et al. (2000) used a Feed Forward Neural Network with the help of Levenberg – Marquardt 
algorithm in order to predict eutrophication phenomena. 

Lek and Guean (1999) introduced two kinds of ANNs (Back Propagation and Kohonen Self-
Organizing Network) in ecology. Yabunaka et al. (1997) also applied a Back Propagation Artificial 
Neural Network model, to predict algal bloom by simulating the future growth of five 
phytoplankton species and the Chlorophyll-a (Chl-a) concentrations. Also, a Feed-Forward Back-
Propagation Artificial Neural Network model, including one hidden layer, was built by Lu et al. 
(2019) to predict the Total Phosphorus (TP) concentration in the Lake Champlain.  

Kuo et al. (2007), used four Back Propagation Neural Networks, in order to relate the key factors 
that influence Dissolved Oxygen (DO), Total Phosphorus (TP), Chlorophyll-a (Chl-a), and Secchi 
Disk Depth (SD) in a reservoir in central Taiwan. Zhai et al. (2019) predict the pH values in order 
to evaluate the water quality by using three types of Artificial Neural Networks namely a) Back 
Propagation, b) Radial Basis Function, c) Generalized Regression in the Taihu Lake in China. 

Zhang et al. (2019), applied a Multi-Layer Neural Network to approach complex regression 
functions and predict trends in Dissolved Oxygen. The aforementioned model gave accurate and 
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better results for predicting the trend of DO, than the typical ANN model, Support Vector 
Regression (SVR) and Linear Regression Model (LRM). 

As it has already mentioned, Neural Networks are popular tools for modeling highly complicated 
relationships, processes, and phenomena. Few studies (Khuan et al., 2002; Juahir et al., 2004; 
Gazzaz et al., 2012; Kadam el al., 2019) have been conducted in order to develop predictive models 
of the Water Quality Index for rivers by using more complex Neural Networks. Gazzaz et al. 
(2012), design a Feed-Forward, three-layer Perceptron Neural Network model for computing the 
Water Quality Index (WQI) for Kinta River in (Malaysia), while Kadam et al. (2019), use a three-
layer Back Propagation algorithm, to predict WQI by using Levenberg–Marquardt method. 

An important step in Deep Learning, is the selection of appropriate input variables. Based on the 
literature, as it has already mentioned, Neural Network studies reported that most important water 
quality parameters, for the modelling of Dissolved Oxygen, are pH and Water Temperature 
(Ranković et al. 2010; Wen et al. 2013). In addition to those two inputs, many other water quality 
parameters have also been used. Wen et al. (2013), Basant et al. (2010), Singh et al. (2009) and Kuo 
et al. (2007), reported the importance of NO3–N and NH4–N as input variables for DO models. 

The concentration of Dissolved Oxygen in the water reflects the balance between the processes 
that add oxygen, such as photosynthesis and reaeration and those that remove it, such as respiration 
from the biota. More specifically, Dissolved Oxygen sources include atmosphere, photosynthetic 
activity and hydro-mechanical oxygen distribution. The system’s balance is achieved by the 
metabolism of the organisms and by the abiotic chemical reactions (Wetzel, 2013). Temperature 
fluctuations, daily and seasonal changes in photosynthetic activity and re-aereation supply and 
deoxygenation process, make the Dissolved Oxygen concentration unstable.  

Employing Deep Learning, has yielded results in these cases that are better, than the previously 
existing techniques, indicates that this is an auspicious field for improvement. The objectives of this 
paper are therefore the following: a) to provide a useful supportive tool for water quality 
management of the lake and b) to provide real-time prediction of water parameters (DO) in 
accidental and emergency situations, e.g. mass fish death. 

2. MATERIALS AND METHODS 

2.1 Study area  

The Study Area comprises the catchment area of Lake Kastoria, which is located in the Region 
of Western Macedonia in Greece, protected by Directives, Regulations and International 
Conventions such as Natura 2000 network and Water Framework Directive (WFD) 
2000/60/EC.Lake Kastoria is a shallow polymictic lake, with intense agricultural activities in its 
catchment area loading both point and nonpoint source pollutants. In order to record water quality 
characteristics (at lake’s surface), four (4) telemetric stations were installed at specific locations in 
Lake Kastoria, namely: Gkiole, Stavros, Psaradika and Toichio.  

Gkiole station is located near Gkiole’s stream, which is actually an open channel. It is noted that 
the Gkiole’s channel constitutes the only surface discharge of Lake Kastoria’s basin, as well as the 
connection between Lake Kastoria and River Aliakmon. The presence of the weir in the Gkiole’s 
channel, enables the optimization of the lake's hydrological functions, ensuring that the level of the 
lake will remain under the higher level of 629,80 m, otherwise Kastoria town will be flooded 
(Psilovikos, 2020). 

Stavros and Psaradika stations are located on the South and North coastline, respectively, that 
defines the characteristic coastal places of the city of Kastoria. They constitute crucial stations for 
measuring the ecological sensitivity of the aquatic ecosystem by the pressures exerted by the city 
itself. Finally, Toichio station is located in the northern part of Lake Kastoria and specifically in the 
estuary of a complex Delta group formed by the torrent Toichio and the torrents "Vyssinia" 
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(Lakkou) and "Metamorphosis". The areas at the lowest part of the torrent Toichio are intended for 
agricultural use. 

The determination of optimum locations of the telemetric stations in Lake Kastoria Lake, was 
conducted by Western Macedonia Development “AN.KO” and the University of Thessaly 
(Psilovikos, 2012).The positions of current telemetric stations are shown in Figure (1). It is worth to 
notice that the delineation of the coastline and its performance was based on the use of high-
resolution satellite images (ESRI). Moreover, it is noted that its performance indicates the 
separation of the water body of Lake Kastoria from the terrestrial environment at the given time. Its 
orientation varies spatially and seasonally, based on hydrological characteristics and aquatic 
vegetation. 

The criteria of the choice of the monitoring stations, in the present positions were: 
a) the environmental pressures occurred from the land uses of the catchment area, 
b) the hydromorphological characteristics of the lake,  
c) the presence of corrosion, transport and deposition phenomena,  
d) the inflows and outflows and  
e) issues related to the accessibility and the costs of stations’ installation and maintenance.  

 

Figure 1. The position of telemetric stations in Lake Kastoria (Karamoutsou and Psilovikos, 2019) 
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The aforementioned Telemetric Stations, assist the main monitoring station of Lake Kastoria, 
(according to Directive 2000/60, Law 3199/2003 and JM 140384/2011), both spatially (more 
stations in different locations) and temporal (continuous monitoring). These results are collected by 
the Ministry of Environment and Energy of Greece. The issue of limited data collection, with the 
conventional way of monthly sampling measurements, characterized by scarcity in data and loss of 
the extreme phenomena, can only be prevented by continuous, telemetric and integrated monitoring 
on a 24-hour schedule, with the state of the art protocols for rapid recording, tele-transmission and 
economy in power and monetary resources. Such integrated systems constitute powerful 
management tools for the sustainability of the aquatic ecosystems. After all, without the present 
monitoring system of Lake Kastoria, it would be impossible to apply Deep Neural Network 
techniques. 

2.2 Tools and platforms 

In order to develop Deep Neural Networks, based on Machine Learning methods: 
a) the Python Programming Language,  
b) the Spyder Scientific Environment,  
c) the Tensorflow Open Source Machine Learning Platform and  
d) the Nvidia’s Cuda (Compute Unified Device Architecture) Parallel Platform (Graphics Card)  

are used. All of the above have been integrated into Anaconda, an Open Source Programming 
Language. The main reason for using Anaconda and Cuda is that the model can be created in a 
variety of virtual environments and with the possibility of using parallel programming through the 
computing power of the graphics card. The above procedure gives the user the advantage of using 
large databases and complex learning algorithms, without having to install and re-install various 
versions of libraries, offering training, verification and testing of the model in a very short time.  

2.3 Deep Neural Networks development 

A dataset from November 11, 2015 to March 15, 2018, on an hourly basis from the Gkiole and 
Toichio telemetric station, is used. The available dataset consists of: 

1. Chlorophyl-a – Chl-a (µg/L),  
2. pH,  
3. Water Temperature – Tw (°C),  
4. Electrical Conductivity of Water – ECw (μS/cm),  
5. Turbidity (NTU),  
6. Ammonia Nitrogen – N-NH4 (ppm),  
7. Nitrate Nitrogen – N-NO3, (mg/L) and  
8. Dissolved Oxygen – DO (mg/L). 

The ability of Deep Neural Networks to predict in real-time the quality parameter of DO, in Lake 
Kastoria, is tested for both stations (Gkiole and Toichio). Here, a DNN with structure 7-64-64-1, 
indicates a model comprising 7 inputs, 64 nodes per hidden layer and one output node. In terms of 
how the nodes are connected to each other, a Feed Forward Deep Neural Network (FF–DNN) is 
used for each case, as there is no feedback from the outputs towards the inputs. The examined Deep 
Feed Forward Neural Networks (DNN) structures of DO, is shown in Figure 2. Three phases take 
place:  

a) the training,  
b) the testing, and  
c) the validation phase for each station.  
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A percentage of 80% of the data, was used for the training process, and 20% for testing. A 
percentage of 80% of training data was re–divided into 60% for the training process and the 
remaining 20%, for validation. All the available parameters listed above, are used as inputs (7 
parameters) and DO as an output. 

The following statistical measures were used to evaluate the predictive ability of the Deep 
Neural Networks:  

a) Mean Absolute Error (MAE),  
b) Mean Square Error (MSE) (Benyahya et al., 2017) and  
c) Nash–Sutcliffe Model Efficiency Coefficient (NSE) Statistical Descriptors (Nash and 

Sutcliffe, 1970).  

 

Figure2. DO model with structure 7-64-64-1 for both stations 

3. RESULTS AND DISCUSSION 

The Gkiole’s channel constitutes the only surface discharge of Lake Kastoria’s catchment, as 
well as the connection between Lake Kastoria and River Aliakmon. The presence of the weir 
vertically in Gkiole’s channel flow, enables the optimization of the Lake Kastoria’s operation, in 
order to:  

a) Avoid Flooding Phenomena, due to the rise of the water level in the coast of the city of 
Kastoria, 

b) Control Eutrophication and algal blooms, mainly during summer and early autumn and  
c) Optimize Water Balance from the quantitative and qualitative point of view.  
 
For this reason, it is an important Monitoring Station for eutrophication control, as it is essential 

to know Specific Water Quality Parameters, in order to control of the possible potential pollution to 
Aliakmonas River. Today, the stream presents very smooth inclines, which, along with the lush 
vegetation of the area, inhibit the discharge of water. 

Moreover, Toichio Station was the first point in time in the lake, that experienced eutrophication 
phenomena, due to Algal Blooms ("greening" of water). Table 1 and Table 2 show the descriptive 
statistics of the available water quality data for Gkiole and Toichio station, respectively. 

Giving an overview, the Lake of Kastoria is characterized as a eutrophic lake, mainly during the 
summer months and early autumn, as expected. This is further aggravated by the fact that, Lake 
Kastoria is a shallow urban lake. The fact that the state of Lake Kastoria is eutrophic, means that the 
water cannot satisfies all uses in terms of quality and quantity. In general, the good or bad chemical 
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water quality in an aquatic ecosystem, should not be linked directly to whether the ecosystem is 
eutrophic or not (Kagalou and Psilovikos, 2013). Lake Kastoria, as a eutrophic lake, is characterized 
by high primary activity, high nutrient content, the ability to support growth of aquatic flora, 
abundance of macrophytes and phytoplankton as indicators of clean and murky water, respectively.  

 
Table 1. Descriptive Statistics of the Water Quality Data for Gkiole Station 

Variables Unit Mean Std dev Min 25% 50% 75% Max 
Chlorophyll-a (μg/L) 12,44 19,65 0,80 5,00 7,80 14,20 441,10 
Conductivity (μS/cm) 294,74 27,80 225,00 276,00 301,00 318,00 338,00 

pH - 8,42 0,37 7,50 8,10 8,40 8,70 9,60 
Turbidity NTU 21,28 66,11 0,10 0,60 5,10 21,80 3.000,00 

Temperature oC 14,32 7,58 0,40 7,00 13,90 21,30 30,10 
NH4-N mg/L 1,53 2,47 0,10 0,20 0,80 1,80 20,00 
NO3-N mg/L 1,43 3,06 0,01 0,30 0,41 1,98 63,94 

DO mg/L 8,76 2,39 0,40 7,18 8,96 10,37 17,65 
 

Table 2. Descriptive statistics of the water quality data for Toichio Station 

Variables Unit Mean Std dev Min 25% 50% 75% Max 
Chlorophyll-a μg/L 11,74 11,48 0,30 5,40 8,40 14,10 453,30 
Conductivity μS/cm 316,18 25,26 239,00 307,00 318,00 331,00 369,00 

pH - 8,41 0,35 5,40 8,10 8,40 8,60 9,80 
Turbidity NTU 20,87 52,28 0,10 0,00 1,80 49,00 3000,00 

Temperature oC 14,33 7,83 0,80 6,80 13,80 21,80 30,40 
NH4 mg/L 0,56 1,14 0,10 0,00 0,10 0,60 19,70 
NO3 mg/L 1,30 0,74 0,01 0,83 1,24 1,70 3,72 
DO mg/L 8,10 2,60 0,01 6,34 8,29 9,73 18,27 

 
The intense photosynthetic processes, taking place in Lake Kastoria, result in high values of 

Dissolved Oxygen even higher than those of Oxygen of Saturation. This phenomenon occurs from 
mid-spring to early summer and is beneficial to aquatic organisms. High values of DO are also 
associated with correspondingly high concentrations of Chl-a, without the adverse effects of 
eutrophication yet commencing (Matzafleri et al., 2009; Psilovikos, 2014, 2020). In the evening 
hours, respiration is favored, where due to eutrophication and the intense needs of the biota, oxygen 
is consumed, thus causing stress to the aquatic organism when it falls to low levels. Daily 
fluctuations that occur require continuous monitoring of Dissolved Oxygen on a daily basis. Lake 
Kastoria presents all the above mentioned characteristics as a eutrophic lake.  

From time to time, however, lake Kastoria is characterized as hypertrophic. Hypertrophic lakes, 
are characterized by high concentrations of nutrients and algal blooms phenomena. Moreover, they 
exhibit strong odor effects. In addition, high chlorophyll values (> 40 µg/L) and low Dissolved 
Oxygen values approaching anoxia and creating dead zones, mainly during the evening hours, 
occur. Also, hypertrophic lakes are characterized by the presence of toxic gases such as H2S, NH3 
and CH4. 

Structure 7-64-64-1 indicates that each investigated Deep Neural Network, is composed of one 
input layer with seven input variables, two hidden layers with 64 neurons each, and one output layer 
with one output variable. Figures 3 and 4 illustrate the Mean Absolute Error and the Mean Square 
Error of DO model for Gkiole station, during the training process of 1000 epochs. The model seems 
to “learn” from the dataset after the 20th epoch. 

The Training Mean Absolute Error equals to 0,69, while the Training Mean Square Error equals 
to 0,89.In order to examine how well the model generalizes after the training procedure, the test set 
is used. The resulting values of Mean Absolute Error and Mean Square Error equal to 0,71 and 0,92 
respectively. The fact that the obtained training errors were slightly lower than the tested ones, 
indicates that over-fitting is avoided. Figure 5a shows the true vs the predicted values achieved, 
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after the training procedure, showing how well one can expect the model to predict when it is used 
in the real world. It looks like the DO model with structure 7-64-64-1, predicts reasonably well. 
Finally, Figure 5b illustrates the prediction error distribution. 

 

Figure 3. Mean Absolute Error (DO model, Gkiole station, Structure 7-64-64-1) 

 

Figure 4. Mean Square Error (DO model, Gkiole station, Structure 7-64-64-1) 

 

Figure 5. a) True vs. Predicted values (left), b) Predicted Error (right)(DO model, Gkiole station, Structure 7-64-64-1) 

Figures 6 and 7 illustrate the Mean Absolute Error and the Mean Square Error of DO model for 
Toichio station during the training process of 1000 epochs. The model seems to “learn” from the 
dataset after the 20th epoch. The Training Mean Absolute Error equals to 0,48, while the Training 
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Mean Square Error equals to 0,52.Moreover, the resulting values of Mean Absolute Error and Mean 
Square Error for test set, equal to 0,49 and 0,51, respectively. The fact that the Obtained Training 
Errors were slightly lower than the tested ones, indicates that a good fit is obtained. Figure 8a shows 
that DO model with structure 7-64-64-1 for Toichio station predicts very well. Finally, Figure 8b 
illustrates the prediction error distribution. 

 

Figure 6. Mean Absolute Error (DO model, Toichio station, Structure 7-64-64-1) 

 

Figure 7. Mean Square Error (DO model, Toichio station, Structure 7-64-64-1) 

 

Figure 8. a) True vs Predicted values (left), b) Predicted Error (right)(DO model, Toichio station, Structure 7-64-64-1) 
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Table 3. Statistical descriptors for structure, 7-64-64-1, for Gkiole and Toichio station 

Station Structure Training Test 
MAE MSE NSE MAE MSE NSE 

Gkiole 7-64-64-1 0,69 0,89 0,81 0,71 0,92 0,79 
Toichio 7-64-64-1 0,48 0,52 0,92 0,49 0,51 0,93 

 
The well-trained DNN, with structure 7-64-64-1, produces results with the MAE of 0,69; 0,71, 

the MSE of 0,89; 0,81 and the NSE of 0,81; 0,79 for the training and the testing process 
respectively, with a good predictive ability for Gkiole station. For Toichio station, the structure 7-
64-64-1 with the MAE of 0,48; 0,49, the MSE of 0,52; 0,51 and the NSE of 0,92; 0,93 for the 
training and the testing process respectively, shows also a good predictive ability (Table 3).The 
results demonstrate that the proposed DNN models constitute a good choice for modelling 
Dissolved Oxygen for both stations. 

4. CONCLUSIONS 

The present paper provides a scientific insight into the implementation of Machine Learning 
techniques and especially Deep Neural Networks in Water Quality Management. The Feed Forward 
Deep Neural Networks (DNN) of DO, for each station, provide information in Real – Time and 
comprise a powerful Decision Support System (DSS), for preventing accidental and emergency 
conditions that may arise from both Natural and Anthropogenic Hazards.  

In a Water Management point of view, due to the user-friendly nature of the proposed Deep 
Neural Networks, they can be implemented in real time by non – specialists, as no knowledge of the 
phenomenon is required after the end of training phase. When applying Deep Learning, one seeks to 
produce better results than the already existing shallow structures. Employing Deep Learning, has 
yielded results in these cases that are better, than the previously existing techniques, indicates that 
this is an auspicious field for improvement. 

Further research is proposed on the hyper parameters’ optimization of the proposed Deep Neural 
Networks, such as the number of nodes in the hidden layer, the number of input parameters and the 
number of layers. 
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