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Abstract:  Aquatic Ecosystems and specially lakes are facing a vast number of human induced problems mainly interrelated to 
each other, affecting ecosystems in various ways. Thus, the "response" to specific management practices is often non-
linear with noted large lag time. The interpretation and prediction of physical, chemical and biological functions 
taking place in freshwater ecosystems have been studied until today using widely available empirical and dynamic 
models and multi-criteria analysis methods. Among the new and promising analytical "tools" is the Fuzzy logic (fuzzy 
logic models) which contributes to the investigation of complex, non-linear and uncertain hydrosystems. The purpose 
of this study is to investigate the eutrophication factors in a highly variable system of Lake Karla (Thessaly). 
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1. INTRODUCTION 

The freshwater systems are among the most important water resources around the world, 
supporting numerous uses. Their sustainability, both in terms of their maintenance and their 
reliability as secure water resources, is affected in recent years by numerous anthropogenic 
interventions. One of the most visible results is eutrophication, which is considered the most 
widespread disorder worldwide, especially in natural and artificial lakes, linked mainly to urban, 
rural and industrial activities. During the past decades, the anthropogenic pressures associated with 
nutrients inflows (mainly nitrogen and phosphorus) led to the rapid acceleration of the primary 
production rate resulting in the increase of eutrophication (Beklioglu et al., 2007). Greek lakes, like 
other ecosystems, are subject to multiple stressors (Kagalou, 2010; Latinopoulos et al., 2016) 
arising from human activity and from inter-annual and long-term background changes in 
environmental conditions that can degrade ecological status. 

While traditionally such development of eutrophic conditions is accustomed to nutrient 
concentrations, the shallow Mediterranean lakes and reservoirs just because they are considered 
more complicated systems, demonstrate a more complicated profile (Scheffer et al., 1993; 
Latinopoulos et al., 2016). For example, factors such as: water basin geomorphology, agricultural 
uses, morphometry of the lake, incoming nutrient origins, water level fluctuations, climate 
conditions and biodiversity, are directly or indirectly affecting the trophic state (Beklioglu et al., 
2007). As a result, trophic state estimation is considered to be a complicated and multi-criteria 
based topic. Currently, the need to protect the aquatic environment by calculating critical 
parameters is greater than ever (Tsakiris, 2015). Literature from simple models based on experience 
provide a vast number of approaches to estimate the water quality and further the eutrophication 
(Dillon and Rigler, 1974; Rast and Lee, 1978; Bartsch and Gakstatte, 1978), to the point of multi-
criteria statistical analysis and dynamic models EUTROMOD (Cully et al., 1996), CAEDYM 
(Zamani et al., 2014), to water quality indices (Alexakis et al., 2016). Moreover, the application of 
different multivariate statistical techniques, particularly cluster analysis (CA), principal component 
analysis (PCA) and factor analysis (FA), contributed to the interpretation of complex data matrices, 
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and to the understanding of how to improve the water quality and ecological status of a freshwater 
system (Murphy et al., 2012). 

All these offer safer results by providing detailed information about the spatial and temporal 
variation of quality parameters. Among the drawbacks associated with the use of dynamic models, 
the necessity of many experimental data, large processing times and demanding calculations are the 
most important ones, while in the multi-criteria analysis, the main disadvantage is the lowered 
credibility of the analysis, should the factors impact change.  

In forecasting, linear regression has been used to measure the relationship between variables, the 
effectiveness of the model, and the evaluation of the correlation coefficients, which can be used to 
predict the value of the dependent variable from independent variables by applying some form of 
historical data. This classical linear regression technique is used in abstract, non-fuzzy environment 
where the data are sharply defined. The relationship between the dependent variable and the 
independent variables is sharp in classical linear regression.  

The purpose of this article is to expand the methodology by including the uncertainty by means 
of the fuzzy sets and logic. In fuzzy linear regression, the relationship between the dependent 
variable and the independent variables is not as precise as the relationship in abstract linear 
regression. It is more reasonable to describe the factors that influence the levels of eutrophication as 
fuzzy numbers instead of crisp numbers because it is an approximate concept and furthermore there 
are not enough data to support the classical multiple regression method (Spiliotis and Bellos, 2015). 

Current research shows that fuzzy logic techniques are capable to treat the complex and non-
linear relationships between environmental variables in natural ecosystems (Silvert, 2000; 
Adriaenssens et al., 2004). As far as Mediterranean case studies are concerned, when applying the 
fuzzy logic method there is very limited information. Sylaios et al. (2008) revealed that despite the 
quantitatively limited data, the fuzzy logic approximation allows the collection of physical and 
chemical variables for system description (Kung et al., 1992).  

Lake Karla (Thessaly) is a new reservoir, reconstructed after fifty years of drought. It is a 
progressive ecosystem because the abiotic and biotic characteristics are highly variable, thus the 
functioning (i.e., the biogeochemical cycles, the metabolism, and the biotic interactions) have a 
large degree of uncertainty. In the present study, a fuzzy logic model is composed for chlorophyll-a 
prediction. The model contains the fuzzy membership function, the fuzzy decision rules and the 
fuzzy reasoning. The aim of this study is to design a fuzzy system in order to be applied in the re-
established Karla reservoir. More precisely, we investigate, whether eutrophication trends can be 
predicted with greater accuracy from one of the independent parameters compared to the others, 
using the measure of fuzziness. 

2. METHODOLOGY 

2.1 Data base - Application in Karla Lake  

The reservoir of Karla is situated in the south eastern basin of Thessaly plain, with an area of 
1.171 km2. The need for flood protection of the area and the acquisition of agricultural land were 
the cause for the drainage of this lake in 1962 and the creation of a smaller reservoir in part of it. 
The re-construction of the new Lake Karla along with the accompanying works began in 2000. The 
reservoir project has been completed and is in the process of filling with water (from September 
2009) and the accompanying works will be completed by 2017. It is about creating a new reservoir, 
with a maximum depth of 4.5 m and 38 km2 in area, at the lower part of the former Lake Karla, fed 
by runoff of surrounding basins and by the winter waters of the Pinios river. The reservoir is formed 
on the east and west by artificial embankments of mean height of 9 m, and on north and south by 
the coastline. 

In the Mediterranean climate, the average annual temperature fluctuates between 16-17 °C and 
the annual average relative humidity ranges from 67 to 72%; the average rainfall is 500-700mm, 
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while rainfall is rare from June to August (Sidiropoulos et al., 2012). Karla Lake belongs to the 
ecological network Natura 2000 "Reservoirs former Lake Karla Area" due to the biological 
diversity of the region (GR 1430007). Data coming from previous field research (Chamoglou, 
2014) are used and refer to the average of monthly samples concerning three stations (S1, S2, S3) 
for the 2012 and 2013 period, and include the following parameters: Water Temperature (T, oC), 
Nitrates (NO3

-, mg/L), Total Phosphorus (TP, mg/L), Secchi Depth (S.D., m) and Chlorophyll-a 
(chl-a, µg/L) (Table 1). Methodology details of laboratory analyses are described by Chamoglou 
(2014).  

 

Figure 1. Lake Karla and the sampling stations 

An adopted system is designed in order to predict using fuzzy logic with the help of Matlab the 
phytoplanktonic biomass, as a trophic state indicator (chl-a), having as inputs water temperature, 
nitrates, total phosphorus and secchi depth. 

 
Table 1. Experimental data from the lake Karla 

Month Water Temperature 
(°C) 

ΝΟ3
- 

(mg/L) 
TP 

(mg/L) Secchi Depth (m) Chlorophyll-a 
(µg/L) 

March 2012 14.4 0.2 0.05 0 76.28 
April 17.6 0.18 0.051 0.42 145.25 
May 20.6 0.43 0.05 0.37 88.03 
June 26.7 0.49 0.186 0.34 209.57 
July 28.7 0.31 0.079 0.32 184.1 
August 26.6 0.37 0.079 0.2 403.58 
September 24.1 0.54 0.038 0.19 176.68 
October 22.8 0.1 0.05 0.33 74.87 
November 17.5 0.1 0.05 0.33 55.91 
December 7.9 0.16 0.05 0.485 70.07 
January 2013 8.1 0.2 0.05 0 37.13 
February 8.9 0.22 0.05 0.3 73.3 
March 11.2 0.1 0.004 0.31 43.18 
April 21.6 0.243 0.021 0.33 118.88 
May 24.7 0.189 0.042 0.4 92.1 
June 29.7 0.32 0.021 0.37 112.1 
July 26.6 0.426 0.022 0 46.3 

2.2 Fuzzy logic method  

2.1.1 Fuzzy linear regression 

The general form of the model is as follows: 
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Y = A0 + A1x1 +!Anxn  (1) 

where Ai, i=1,2,...,n are symmetrical fuzzy numbers. So, the function involving fuzzy numbers Ai 
can be regarded as a probability distribution function. In this respect, the fuzzy linear regression 
becomes a linear model, in which differences between the actual values and the estimated values 
can be derived from uncertainty of the system, given the data provided by the Table 1.  

In fuzzy linear regression, the fuzzy numbers are considered: 

Y1 = A0 + A1x11 + A2x21 + A3x31
Y2 = A0 + A1x12 + A2x22 + A3x32
!!!!!!!!!!!!!
Y17 = A0 + A1x1,n + A2x2,n +!A3x3,n

 (2) 

where A0, A1,…, An, i=1,2,...,n are symmetrical triangular fuzzy numbers. 
We determined the degree h  to which we expect the data 1 2(( , ,... ), )j j nj jx x x y to be included in 

the referred number iY  that is:  

µYi (yi ) ≥ h, i =1,2,...,17
 (3) 

We also want the spread of chlorophyll-a fuzzy numbers Yi, i=1.2,...,m to be as low as possible. 
Since the fuzzy numbers, Ai i=0, 1, 2,…,n are symmetric, they have the following form: 

µAi (x) = L
x − ri
ci

⎛

⎝
⎜

⎞

⎠
⎟, ci > 0

 (4) 

where ri is the center and ci the spread, i=0,1,2,…n and the function L(x) is defined:  

L : R→ R, L(x) =max{0, 1− x} (5) 

The calculation of numbers Ai was performed by computing the numbers ri and ci, where 
i=0,1,…, n. This gives the following linear regression:  

min 17c0 + c j x jij=1

3
∑i=1

17
∑{ }

yi ≥ −(1− h) c0 + c j x ji
j=1

3

∑
⎛

⎝
⎜⎜

⎞

⎠
⎟⎟+ r0 + rj x ji

j=1

3

∑ , i =1,2,!,17

yi ≤ (1− h) c0 + c j x ji
j=1

3

∑
⎛

⎝
⎜⎜

⎞

⎠
⎟⎟+ r0 + rj x ji

j=1

3

∑ ,i =1,2,!,17

 (6) 

2.2.2 Measure of fuzziness 

Furthermore, according to Papadopoulos and Sirpi (1999, 2004), we calculated the indicator that 
shows which of the independent factors (water temperature, nitrates, total phosphorus and Secchi 
depth) influence the dependent factor (chl-a) the most. This indicator is called measure of fuzziness 
and is calculated as follows: 

mi = [(c0 )
2 + (c1)

2 ]  (7) 
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where i  is the examined couple of independent and dependent variable, 0c and 1c  the spread of 
fuzzy numbers that have been previously calculated. 

2.2.3 Fuzzy inference system 

In this paper, we would like to mention that using the Matlab Software (ANFIS), the 
classification of the independent variables (see Table 3) was done with the most representative 
classes (low, medium, high), due to the amount of statistical data. In this way, we approached the 
problem concerning the chl-a prediction by setting as inputs the values of the independent 
parameters. 

3. RESULTS 

A multiple fuzzy linear regression is used in order to determine the relation between the 
independent and the dependent parameters. Using the Mathematica Software, it is possible to 
picture the spread of the chlorophyll-a values. In Table 2, fuzzy numbers Yi (ri, ci) can depict the 
chl-a values as predicted. Generally, the fuzzy numbers with small spread are more proper for a 
value prediction. The problem that is confronted at this point is that these fuzzy numbers have very 
large spread for a researcher in order to predict accurately the chl-a value of a data set.  

 
Table 2. Fuzzy numbers of Chl-a processing all independent variable as inputs- multicriteria analysis 

i (Months) Yi (ri , ci) i Yi (ri , ci) 
1 ( 145.1169, 102.248) 10 ( 156.875, 102.248) 
2 ( 166.338, 104.292) 11 ( 139.378, 102.248) 
3 (171.129, 102.248) 12 ( 152.213, 102.248) 
4 (521.851, 380.361) 13 ( 35.0001, 8.1798) 
5 ( 247.031, 161.551) 14 ( 92.139, 42.944) 
6 ( 242.028, 161.551) 15 ( 149.515, 85.8879) 
7 ( 139.842, 77.7081) 16 ( 103.131, 42.944) 
8 ( 163.03, 102.248) 17 ( 91.2888, 44.9889) 
9 ( 158.158, 102.248) 		

	 
Subsequently, the next step is to eliminate this inaccuracy for a more sufficient approach in chl-a 

values. Thus, in this application, where i=0 and i=1, m=17 and n=1 in the linear regression, it was 
tried to elaborate with pairs that contain one independent variable and one dependent. The 
following pairs for linear regression were processed: water temperature-chlorophyll-a, nitrogen-
chlorophyll-a, total phosphorus-chlorophyll-a and Secchi depth-chlorophyll-a.  

In Table 3, we present the measure of fuzziness of the input data with the output fuzzy numbers. 
Α0 and Α1 are the fuzzy numbers calculated by means of linear regression (Mathematica software) 
for each of the parameters studied. An interesting point of view is that the fuzziness of the output is 
reduced, since smaller spreads are produced for the chl-a values, compared with the spreads 
produced by multi-criteria analysis. These fuzzy numbers are presenting all the possible values that 
can be represented by our parameters in this ecosystem.  

  
Table 3. Fuzzy numbers of chl-a and measure of fuzziness  

  Water Temperature    Total Phosphorus 

Chl-a Α0 (0.0) Α1 (8.45, 6.71579)  Α0 (-1.15, 25.11) Α1 (3036.64, 1768.7) 

Measure of Fuzziness 6.71579  1768.88 

 Nitrates  Secchi Depth 
Chl-a Α0 (29.015, 0) Α1 (526.45, 485.881) 

	
Α0 (218.403, 181,27) Α1 (19.516, 0) 

Measure of Fuzziness 485.881   181.273 
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Since we do not have many data, the conventional fuzzy regression analysis is used. Indeed, this 
model requires inclusion of all data in the produced fuzzy band. In Figure 2, the fuzzy numbers 
concerning the monthly statistical data for every independent parameter are illustrated. 

 

 Figure 2. Fuzzy numbers in every monthly data set and graphs representing the resulting equations (a. Water 
Temperature - chl-a, b. Total Phosphorus - chl-a, c. Nitrates - chl-a, d. Secchi depth - chl-a). 

To continue with, using Matlab Software (ANFIS) all the examined input parameters were 
categorized to classes, so as to have the best possible prediction of the chl-a concentration values. 
Using trapezoidal fuzzy numbers, Figure 3 presents this categorization as presented in Table 4 (Lu 
et al., 1999). 
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Table 4. Classification of the input parameters by Matlab  

Classes Water Temperature (°C) ΝΟ3
- (mg/L) TP (mg/L) Secchi depth (m) 

Low <16 <0.25 <0.065 <0.165 

Medium 11-26.6 0.16-0.47 0.035-0.16 0.07-0.425 

High >22 >0.37 0.12 >0.275 

 
The authors proposed the use of three classes for two reasons: First, overfitting, due to restricted 

statistical data, is avoided; and second, because Matlab works as a Neural network, and then, it is 
useful that the rules must be interpretable. This means that the selected rules (AND, OR, NOT) in 
the software must approach the ecosystem’s conditions. Depending on the combination of classes, 
effectively simulating this system by a plurality of charts, we will arrive at a correlation between the 
studied data (water temperature, NO3

-, TP; Secchi depth and chlorophyll-a). The estimated values 
approximate accurately the actual ones that have been measured in the laboratory. Indicatively, 
using Matlab, in June 2013 the chlorophyll-a was estimated at 112 µg/L, while actual measurement 
was 112.1 µg/L (Figure 4).  

 

Figure 3. Classification of input parameters by Matlab pictured as trapezoidal fuzzy numbers (a. water temperature - 
chl-a, b. Total Phosphorus - chl-a, c. Nitrates - chl-a, d. Secchi depth - chl-a). 

 

 

Figure 4. Chlorophyll-a concentration estimate based on input classification (June 2013)  

3. DISCUSSION AND CONCLUSIONS 

Primary production models in water bodies involve the quantification and estimation of 
chlorophyll-a concentrations, based on empirical relationships, dynamic models and the fuzzy logic 
approach (Sylaios et al. 2008). In the present study, we applied the fuzzy linear regression using a 
dataset from field data involving the key-eutrophication parameters. The selected water body during 
this study is the reconstructed Karla reservoir because of its high variability with respect to its 
limnological properties. Since the “ageing” of a reservoir is a complicated process lasting several 
years (Strakraba et al., 1993), the estimation of parameters which express this process, such as 
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chlorophyll-a as a proxy of primary production, is considered of high importance (Goldyn et al., 
2003). Field data highlight the eutrophic character of the new reservoir, while there is great seasonal 
variability. 

In Table 2, it is observed that when all the independent variables (water temperature, nitrates, 
total phosphorus, Secchi depth) are analyzed with the dependent variable (chl-a), the fuzzy numbers 
that come up have a big spread. Therefore, if this model is taken into account as a multi-criteria one, 
significant fuzziness is noted. 

In Table 3, the following equations are derived from the fuzzy numbers that present the levels of 
chlorophyll-a by the studied independent parameters: 

yTemp,chl−a = (8.45,6.71579)x  (8) 

yNO3 ,chl−a = (29.015,0)+ (526.45,485.881)x  (9) 

yTP ,chl−a = (−1.15,25.11)+ (3036.64,1768.7)x  (10) 

yS .D.,chl−a = (218.403,181.27)+ (19.516,0)x  (11) 

where x is values of the chl-a statistical data. 
Also, it is observed that the measure of fuzziness is the smallest in the relation between water 

temperature and chlorophyll-a, while the biggest is in the relation between total phosphorus and chl-
a. The evaluation of fuzzy regression in the first examined pair is satisfactory because of the 
comparatively small measure of fuzziness presented. On the contrary, the evaluation of chl-a 
concentration based on the other parameters seems to be inaccurate on account of the big value of 
fuzziness. In other words, if the researcher has as input the parameter of water temperature, she/he 
can safely predict the values of the output parameter, which is chlorophyll-a concentration. The 
worst variable for chl-a estimation is TP, because the spread is extremely large. 

Based on the results above, we can more securely claim that during the year, the chlorophyll-a in 
this ecosystem is described by Fig. 5. If this is the case, in the warmer months there is an increase of 
chlorophyll-a. 

 
Figure 5. Average values of chl-a during the year 

 
The results of this study illustrate chlorophyll-a as a basic factor of eutrophication, which is 

satisfactorily described by the water temperature. In our case study, the implementation of ANFIS 
(Matlab) was a reliable forecasting tool of chlorophyll concentrations and useful in cases of 
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deficient quantitative field data. The main advantage of this method is that all data are included in 
the processing. This way, it is almost certain that a successful result will be found. The success is in 
the size of the fuzzy spread. Conversely, in classical methods there is error. In fuzziness, the error is 
contained in the fuzzy model. Consequently, time after time, there is no need of complex models 
because the errors are included in fuzziness. The results of this study could contribute to the 
monitoring and management of reservoirs while more research would be needed to study other 
biotic elements using fuzzy logic. 
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