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Abstract: In-situ monitoring of lake water quality in synergy with satellite remote sensing represents
the latest scientific trend in many water quality monitoring programs worldwide. This study
investigated the suitability of the Operational Land Imager (OLI) instrument onboard the Landsat 8
satellite platform in accurately estimating key water quality parameters such as chlorophyll-a and
nutrient concentrations. As a case study the largest freshwater body of Greece (Trichonis Lake)
was used. Two Landsat 8 images covering the study site were acquired on 30 October 2013
and 30 August 2014 respectively. Near concurrent in-situ observations from two water sampling
campaigns were also acquired from 22 stations across the lake under study. In-situ measurements
(nutrients and chlorophyll-a concentrations) were statistically correlated with various spectral
band combinations derived from the Landsat imagery of year 2014. Subsequently, the most
statistically promising predictive models were applied to the satellite image of 2013 and validation
was conducted using in-situ data of 2013 as reference. Results showed a relatively variable statistical
relationship between the in-situ and reflectances (R logchl-a: 0.58, R NH4

+: 0.26, R chl-a: 0.44).
Correlation coefficient (R) values reported of up to 0.7 for ammonium concentrations and also up to
0.5 and up to 0.4 for chl-a concentration and chl-a concentrations respectively. These results represent
a higher accuracy of Landsat 8 in comparison to its predecessors in the Landsat satellites series,
as evidenced in the literature. Our findings suggest that Landsat 8 has a promising capability in
estimating water quality components in an oligotrophic freshwater body characterized by a complete
absence of any quantitative, temporal and spatial variance, as is the case of Trichonis lake. Yet,
even with the presence of a lot of ground information as was the case in our study, a quantitatively
accurate estimation of water quality constituents in coastal/inland waters remains a great challenge.
The launch of sophisticated spaceborne sensing systems, such as that of Landsat 8, can assist in
improving our ability to estimate freshwater lake properties from space.
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1. Introduction

Lake water is an essential renewable resource for mankind and the environment; it plays a key
role in the European and the global economy since it is exploited for civil (e.g., drinking water
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supply, irrigation), industrial (e.g., processing and cooling, energy production, fishery) and recreational
purposes. Lakes constitute an environment for ecosystems, tourism, bathing, intake of drinking
water, and aquaculture. These activities critically depend on a sufficient amount of freshwater.
Whereas scarcity of freshwater resources already constrains development and societal well-being in
many countries [1], the expected growth of global population over the coming decades, together with
growing economic prosperity, is expected to increase water demand, aggravating those problems [2–5].
Moreover, due to the increasing demand for fresh water and the effect of climate change (global
warming) and the anthropogenic pressure on natural resources, the water quality of lakes worldwide
is in danger [6].

The term “lake management” refers to management designed to maintain an ongoing viability
of lake ecosystems that provide the basis for aquatic and non-aquatic life. In order to achieve such
goals, it is important to know the present ecological conditions of lakes and their biological, chemical
and physical characteristics. With the use of remote sensing technology, which is often combined
with Geographical Information systems (GIS), water systems data can be analyzed and alternative
management scenarios can be presented. Such an outcome offers important assistance to decision
makers and governmental institutions in effectively monitoring lake conditions, implementing recovery
strategies, and addressing any other water issues [7]. Evidently, the most common approach for lake
water quality monitoring is the in-situ data collection and laboratory analysis. Yet, this can be very
expensive [6] and time consuming when large areas have to be monitored frequently during the
same season. Nowadays in-situ monitoring of lake water quality in synergy with satellite remote
sensing represents the latest scientific trend in many water quality monitoring programs worldwide.
Indeed, the use of remote sensing, often in combination with in-situ and numerical modeling, has
been demonstrated as being a strategic tool for assessing and monitoring lake waters quality. This is
because it allows frequent surveys over large areas providing data in a cost-effective way for a variety
of studies which need multi-scale temporal analysis [1] in [6]. this combination has been of high
importance since the promotion of the European Commission Water Framework Directive (EC, 2000),
with Member States establishing lake water quality assessment schemes, and setting Chl-a reference
conditions for European lakes [8] in [9].

Some major factors affecting lake water quality are phytoplankton and organic and inorganic
nutrients. The phytoplankton, indicative of chlorophyll-a, can be directly quantified using EO
techniques (optically active water constituent) indicating the trophic level, the existence of toxic
algal blooms and the phytoplankton biomass [10,11].

In the literature, there are several examples demonstrating the use of Landsat imagery for
estimating and/or monitoring lake water, such as water transparency [12–14], phytoplankton
concentration [15–21], SPM (Total Suspended Matter) [22], CDOM (Colored Dissolved Organic
Matter) [16], blooms of cyanobacteria [20] and macrophyte [23] in [6]. Yet, admittedly, monitoring and
modeling of nutrient data remains a challenging task [24]. This is mainly because very few studies so
far have attempted to manage it and in certain cases regression analysis resulted in weak correlations
or weaker than those yielded from in-water components with optical properties [25–27] in [24].

Findings from numerous published studies have indicated that biological and chemical water
quality parameters such as chlorophyll-a have distinctive spectral characteristics and can be measured
using spectral indices. But these indices appear to be less reliable in diverse water bodies including
lakes, ponds, rivers and streams in coastal regions [28]. A variety of spectral indices derived from
remote sensing data based on empirical or semi-empirical relationships have been developed for
transforming spectral data into water quality parameters. These indices may involve three [21,29–33]
and four spectral bands [34]. However, the majority of spectral indices are based on the reflectance
ratios of two spectral bands (near infrared and red) for operational purposes. A band ratio between
the near infrared (NIR, ~0.7 µm) and red (~0.6 µm) has frequently been used to estimate chlorophyll-a
in waters due to a positive reflectivity of chlorophyll-a in the NIR and an inverse behavior in the
red [35,36] while near infrared (NIR) and red bands are involved in most indices [28,37] . Monitoring of
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water quality components in coastal and inland waters (case-2 waters) is a complicated and challenging
task since inflows from streams introduce different organic/inorganic sediments, which modify the
physical and biological processes in coastal waters and lakes [38].

This study focuses on estimating lake water quality indicators such as Chlorophyll-a and the
concentrations of nutrients through regression analysis among Landsat 8 surface reflectance and
respective simultaneous in-situ data of the Trichonis lake for 2 dates. Acquisition dates of satellite
and in-situ data were almost simultaneous, circumstances that favor the quality and accuracy of
the processing results. To our knowledge, this is one of the few published studies concerned with
the water quality monitoring of an oligotrophic freshwater body and on the monitoring of nutrients
‘concentrations, which are deprived of optical properties, a fact that makes elaboration through optical
remote sensing a very challenging task. The main goal after the establishment of relations among the
nutrients, chlorophyll-a concentrations and Landsat 8 observations using multiple linear regression,
is the investigation of sensor’s effectiveness to accurately assess the water quality of Trichonida lake,
the deepest and largest oligotrophic Lake of Greece.

2. Materials and Methods

2.1. Study Area

Trichonis Lake, the largest and deepest lake in Greece, is situated in the Aitoloakarnania Region
of Western Greece. The lake’s surface area is 97 km2, its length 21 km, its greatest width 6.5 km and its
potential water volume approximately 2.8 × 109 m3 (Figure 1). Trichonis Lake shows significant annual
and monthly water level fluctuations (~1 m and 0.5 m respectively). This is due to the variability in the
climatic conditions as well as the implemented management practices [39]. The maximum depth is
about 57 m while its trophic status is oligotrophic, exhibiting thermal stratification and orthograde
distribution of dissolved oxygen [40] in [41]. High groundwater inflows have been detected during
dry periods [42]. The regional climate is characterized as semi-arid to arid Mediterranean with an
average annual rainfall of 936 mm and an average annual temperature of 17 ◦C which fluctuates by
19 ◦C annually [43]. The Trichonis Lake’s catchment consists of 399 km2 of semi-mountainous area.
Its geology comprises mainly of calcareous formations with high permeability in the north and east
parts while low permeability flysch formations are encountered in the south and west sections of the
basin. Moreover, alluvial deposits and pleistocenic sediments lie around the lake [39].
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2.2. Water Sampling, Chemical Analyses and EPA Quality Classification System

Water samples were collected from 22 stations across Trichonis Lake (Figure 1) on 30 October 2013
(15:00–18:00—9 stations), 31 October 2013 (12:00–16:00—rest stations) and 30 August 2014
(10:00–15:00—all stations). Following collection, the samples for nutrient analysis were preserved by
the addition of HgCl2 and on return to the HCMR laboratories were filtered through 0.45 µm cellulose
acetate filters that had been precleaned with 10% hydrochloric acid (pH = 2) followed by rinsing with
Milli-Q water.

Water samples for chlorophyll-a were collected with NIO samplers and a specific quantity of water
(usually 1 L) was filtered through Whatman GF/F filters immediately after collection. These filters
were maintained in a dry and dark environment at −15 ◦C and then transferred to HCMR laboratories
for further analysis [44].

Concentrations of nutrients (NO3
−, NO2

−, NH4
+, PO4

3− and SiO4
4−) were determined in

the soluble fraction using an ion analyzer Metrohm, the automatic analyzer Radiometer and the
photometer Merck Nova 400. The chlorophyll-a concentrations were determined with a TURNER
00-AU-10U fluorometer according to the method of [45], modified by [46] in [44].

The EPA classification system was used for the water quality classification of Trichonis lake [47].
According to this scheme, total phosphorus concentration, water transparency and trophic index
(Trophic State Index—TSI) determine the classification of lakes into six quality classes (Table 1).
Trophic index TSI is calculated for each quality parameter as follows [48]:

TSI (SD) = 60 − 14.41 × ln(SD) (1)

TSI (Chl-a) = 9.81 × ln(Chl-a) + 30.6 (2)

TSI (TP) = 14.42 × ln(TP) + 4.15 (3)

where SD is the Secchi disk (m) and Chl-a and TP (µg/L) are the concentrations of chlorophyll-a and
total phosphorus, respectively.

Table 1. Proposed lake water quality classification system by United States EPA (Environmental
Protection Agency) [48].

TSI Average SD (m) TP (µg/L) Chl-a (µg/L) Trophic Status-Attributes

<30 >8 <6 <0.94 Oligotrophic-Clear water,
oxygen throughout the year in the hypolimnion

30–40 8–4 6–12 0.94–2.6 Oligotrophic -A lake will still exhibit oligotrophy,
but some shallower lakes will become anoxic during the summer

40–50 4–2 12–24 2.6–6.4 Mesotrophic-Water moderately clear,
but increasing probability of anoxia during the summer

50–60 2–1 24–48 6.4–20 Eutrophic-Lower boundary of classical eutrophy:
Decreased transparency, warm-water fisheries only

60–70 0.5–1 48–96 20–56 Eutrophic-Dominance of blue-green algae, algal scum probable,
extensive macrophyte problems

>70 <0.25 >96 >56 Hypereutrophic, Heavy algal blooms possible throughout the
summer, often hypereutrophic

2.3. Satellite Data Acqusition & Pre-Processing

A summary of the methodology adopted in this study is presented in Figure 2. Two Landsat
8 OLI images of Lake Trichonis (Path 184, Row 33) of 30 October 2013 (17:22:09Z) and
30 August 2014 (14:50:07Z) were acquired from the USGS (United States Geological Survey) Data
Centre (http://glovis.usgs.gov/). More information about Landsat 8 OLI can be found in Table 2 or
the USGS web site (https://landsat.usgs.gov).

http://glovis.usgs.gov/
https://landsat.usgs.gov
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ENVI (EXELIS Visual Information Solutions, Version 5.3) and ArcGIS (ESRI’s v. 10.1) software
tools were used to process the acquired data. Both images were radiometrical and geometrically
corrected (using GCPs) and a geometric accuracy of less than one half pixel (<15 m) was obtained.
A top-of-atmosphere reflectance with sun angle correction was obtained in order to facilitate the
comparison between multiple time periods. Equations (available at https://landsat.usgs.gov/using-
usgs-landsat-8-product) were used to rescale the data based on sensor specific information and remove
the effects of differences in illumination geometry. Additional information such as Earth-sun distance,
solar zenith angle and exoatmospheric irradiance (all provided in the metadata file of each satellite
image) are required. To compare the satellite-derived spectral properties of water and the in-situ
measurements, the EO data were corrected for atmospheric effects (Humboldt University, on-line
courses 2015) using the dark object subtraction (DOS) technique [20,49,50]. The basic principle of
this method is that within the image there are some pixels that are completely shadowed and their
radiances that are received at the satellite originate entirely from atmospheric scattering (path radiance).
This radiance value is then being subtracted from each pixel value in the image. The largest sources
of errors for water constituents’ retrieval are usually attributed to the bio-optical model that relates
water leaving radiance (or reflectance) to the constituents’ concentrations and to treatment of aerosol
reflectance in the atmospheric correction procedure [51].

Subsequently, several spectral (vegetation and water) indices were calculated (see Table 3 below)
in order to assess chlorophyll-a concentrations.

Table 2. Landsat 8 spectral bands, wavelengths and spatial resolution.

Bands Wavelength
(Micrometers)

Resolution
(Meters)

Band 1—Ultra Blue (coastal/aerosol) 0.435–0.451 30
Band 2—Blue 0.452–0.512 30
Band 3—Green 0.533–0.590 30
Band 4—Red 0.636–0.673 30
Band 5—NIR 0.851–0.879 30
Band 6—Shortwave Infrared (SWIR) 1 1.566–1.651 30
Band 7—Shortwave Infrared (SWIR) 2 2.107–2.294 30
Band 8—Panchromatic 0.503–0.676 15
Band 9—Cirrus 1.363–1.384 30
Band 10—Thermal Infrared (TIRS) 1 10.60–11.19 100 × (30)
Band 11—Thermal Infrared (TIRS) 2 11.50–12.51 100 × (30)

Table 3. Selected spectral indices calculated, according to literature.

INDEX EQUATION Source

Enhanced Vegetation Index (EVI) EVI = G × ((nir − red)/(nir + C1 × red − C2 × blue + L_evi)) [52]
Normalized Ratio Vegetation Index (NRVI) NRVI = (red/nir − 1)/(red/nir + 1) [53]

Normalized Difference Water Index (NDWI) NDWI = (green − nir)/(green + nir) [54]
Normalized Difference Water Index (NDWI2) NDWI2 = (nir − swir2)/(nir + swir2) [55]

Modified Normalized Difference Water Index (MNDWI) MNDWI = (green − swir2)/(green + swir2) [56]
Green Normalized Difference Vegetation Index (GNDVI) GNDVI = (nir − green)/(nir + green) [57]

Normalized Difference Vegetation Index (NDVI) NDVI = (nir − red)/(nir + red) [58]

2.4. Developing Relationships between Landsat 8 and Water Quality Data

There are several band combinations and transformations that have been proposed in the
relevant literature in order to establish relationships between the Landsat 8 OLI reflectance data
(independent) and chl-a, log(Chl-a), spectral indices and nutrient values (dependant). The possible
consistent relationships between the water quality parameters and the satellite surface reflectance
values of Landsat 8 image of 2013 and 2014 were examined via a multiple linear regression technique.
In particular, the predictor importance chart (IBM SPSS software Statistics v. 23.0, Armonk, NY, USA)
indicated the highest important predictors. Then those variables/predictors were further elaborated

https://landsat.usgs.gov/using-usgs-landsat-8-product
https://landsat.usgs.gov/using-usgs-landsat-8-product
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via numerous stepwise and backward linear regressions by being added and removed while examining
for statistical performance and residuals. Further criteria such as multicollinearity, tolerance factor,
variance inflation factor (VIF) and condition indices (CI) were applied and checked to a subset of
optimal models in order to further compare them and select the most straightforward models instead
of complicated ones with higher accuracy (higher R).

In addition to the above, several vegetation and water indices (Table 3) were calculated and
added to the analysis (Figure 2). The usefulness of water indices has been demonstrated in different
studies for drought monitoring and early warning assessment [59–62]. However, the vegetation indices
and reflectance values (individuals bands and band ratios) application are highly encouraged for
the estimation of water quality parameters (i.e., chlorophyll-a, transparency) in lakes [63–66] in [62].
As a last step of the analysis, the most accurate regression models (developed by satellite and in-situ
data of August 2014) were selected on the basis of the established statistical criteria described earlier
on, while then they were validated based on the satellite and in-situ data of 2013.
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Figure 2. A flow chart summarizing the methodology adopted in this study.

3. Results

3.1. Statistical Summary of Trichonis Lake’s In-Situ Measurements and EPA Water Quality Classification

In-situ concentrations of nitrate, nitrite, phosphate and total nitrogen were measured in 2014 as
lower than each respective detection limit of the photometer Merck Nova 400, hence those data were
not statistically elaborated. Data distributions for the rest parameters were skewed with mostly low
values and without extremely high values or outliers (Table 4). Chlorophyll-a concentrations ranged
from 0.5 to 1.4 µg/L with mean value 1.07 µg/L during the sampling campaign of 2013 and between
0.2 and 0.9 µg/L with average value 0.39 µg/L in 2014. Mean values of total phosphorus indicate
the presence of similar conditions into the lake since those values for both years are equal to 0.04 and
0.02 mg/L for 2013 and 2014, respectively (Figures 3 and 4b).

Ammonium concentrations demonstrated even more resembling values, which ranged from
0.02 to 0.06 mg/L in 2013 and from 0.01 to 0.09 mg/L in 2014, with identical mean value equal to
0.03 mg/L. In general, concentrations of chlorophyll-a and total phosphorus were measured slightly
higher in 2013 than the values of 2014 compared to ammonium concentrations (Figures 3 and 4a,b).
Those values though are slightly increased, thus no water quality deterioration is indicated in 2013.
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Taking into account the values of coefficient of variation (CV %), it is observed that for all the three
studied parameters the CV % is greater in 2014 than in 2013, whereas CV % of TP and NH4

+ in 2014
are measured almost as double compared to Chl-a concentrations.
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Table 4. Descriptive statistics-Summary tables of in-situ Chlorophyll-a, Total phosphorus and
ammonium concentrations of 2013 and 2014.

Chl-a
(µg/L)-2013

Chl-a
(µg/L)-2014

TP
(mg/L)-2013

TP
(mg/L)-2014

NH4
+

(mg/L)-2013
NH4

+

(mg/L)-2014

N 22 22 22 22 22 22
Range 0.898 0.66 0.06 0.05 0.04 0.07

Minimum 0.53 0.22 0.03 0.01 0.02 0.01
Maximum 1.43 0.88 0.08 0.06 0.06 0.09

Mean 1.07 0.39 0.04 0.02 0.03 0.03
Std. Deviation 0.22 0.14 0.01 0.01 0.01 0.02

Variance 0.05 0.02 0.0 0.0 0.0 0.0
CV (%) 20.2 34.3 29.6 60.0 28.1 60.0

Skewness −0.51 2.15 1.22 1.86 2.06 1.99
Std. Error 0.49 0.49 0.49 0.49 0.49 0.49
Kurtosis 0.19 7.42 2.12 3.71 4.59 3.88

Std. Error 0.95 0.95 0.95 0.95 0.95 0.95

Regarding the EPA classification system, chlorophyll-a and phosphorus concentrations were
utilized in order to classify the water quality of Trichonis Lake. This preliminary classification
contributed to better understanding of the prevailing conditions during the sampling periods and
assured that the trophic status is indeed oligotrophic. Thus, after having assessed the Carlson Trophic
Index for Chl-a and TP, average values of Carlson Trophic State Index (average TSI) were used in order
to classify the trophic status of Trichonis Lake (Table 5).

Table 5. EPA lake water quality classification system and estimated Carlson Trophic State Index (TSI)
for Trichonis Lake.

Date TSI (TP) TSI (Chl-a) TSI Average Classification

2013 57.4 31.3 44.3 oligotrophic
2014 47.35 21.4 34.4 oligotrophic

3.2. MLR Analysis and Predictive Models

Analysis concerning the in-situ data of 2013 and L8 band combinations of the respective
date returned statistical results though were not significant. Taking into account the correlations
accompanied by the greatest values of correlation coefficient, correlation analysis was subsequently
attempted between the in-situ data of 2013 and mean remote sensed values. Those values were
retrieved from 90 m buffer zones that were created around each sampling station and were transformed
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into surface reflectance. The retrieval of a mean reflectance value around each in situ sampling site
was considered more appropriate in order to reduce sensor and algorithm noise [67]. Those results
were equally statistically not significant. Subsequently, the in-situ data of 2014 were correlated with
band combinations of satellite image of 2014. This correlation analysis, after having tested more than
45 band combinations, yielded more statistically acceptable results compared to data of 2013.

Multiple linear regression analysis among satellite and in-situ data of 2014 resulted in moderate
and low correlations. Low and statistically insignificant relationships were detected particularly
among reflectance values and total phosphorus concentrations while the most remarkable (but still
statistical insignificant) results, are presented below (Table 6). Total phosphorus’s predictive model 1
yielded R and R2 values equal to 0.27 and 0.07, respectively while the predictors included are the
subtraction between bands 3 and 4 and the natural logarithm of B4 and B3 ratio (Table 7). Then, using
the backward linear regression, ln (B4/B3) was removed (Table 7) and predictive model 2 resulted in R
and R2 values equal to 0.24 and 0.06, respectively while Durbin-Watson’s statistic indicates an absence
of autocorrelation in the residuals (Table 7). Taking into account certain statistical indices (especially
the value of R2), all predictive models of total phosphorus were rejected due to their low performance.

The spatial distribution of spectral indices, measured from satellite image of 2014, also indicated
slight differences and variance (Table 8). Moreover, the greatest value range is apparent in NDVI values
(0.0227) while the lowest is in the EVI index. Regarding all indices, no great difference is detected in
maximum and minimum values, indicating once again the great spatial homogeneity and the lack of
variability that characterizes Trichonis Lake.

Spectral indices, involving mostly red and near infrared bands, indicated weak relationships.
A regression analysis was developed among spectral indices chlorophyll-a concentrations and log(chl-a)
and the most optimal model was established among logchl-a values and spectral indices. For the
logchl-a model, 4 equations were evaluated, with the following independent variables: the EVI, NDWI,
MNDWI and NDVI vegetation and water indices (Table 9).

According to the predictor importance chart (Figure 5a) and the regression analysis results
between chl-a concentrations and the spectral bands combinations, factors B2/(B1 + B2 + B3) and
(B1 + B2)/2 indicated one optimal predictive model (Table 10).

Taking into account certain statistical indices (predictor importance chart, R, tolerance factor,
VIF, CI, Durbin-Watson, and absolute and relative RMSE) final optimal predictive models were
documented for each in-water quality constituent (Table 10). MLR model involving Landsat 8 bands
1 (ultra-blue), 3 (green), 4 (red) and their combination (Figure 5b) proved to be the most suitable for
predicting ammonium concentrations in Trichonis Lake. Coefficient of correlation equals to 0.3 while
Durbin-Watson value indicates independence of residuals. As such, the best predictive model for
the estimation of chlorophyll-a concentration incorporates Landsat 8 bands B2/(B1 + B2 + B3) and
(B1 + B2)/2, accompanied by a correlation coefficient equal to 0.44. Collinearity statistics (Tolerance
and VIF) of the coefficients are 0.964 and 1.04, respectively excluding the possibility of multicollinearity.
Concerning the logchl-a predictive model, vegetation and water spectral indices EVI, NDWI, MNDWI
and NDVI were used presenting marginally acceptable statistics (Table 10). Chlorophyll-a can be
measured initially by using vegetation indices and by extension based on the green and SWIR bands
of water indices (NDWI, MNDWI) due to chlorophyll-a absorbance in violet-blue and orange-red
wavelengths and its reflection in green/yellow light.

Table 6. Regression analysis statistics and models’ summary among reflectance values and total
phosphorus concentrations (dependent variable).

Model R R Square Adjusted R
Square

Std. Error of
the Estimate

Change Statistics Durbin-
WatsonR Square Change F Change df1 df2 Sig. F Change

1 0.268 a 0.072 −0.026 0.0117 0.072 0.734 2 19 0.49 1.611
2 0.239 b 0.057 0.010 0.0115 −0.015 0.301 1 19 0.59

Dependent Variable: TP (mg/L); a Predictors: (Constant), B3 − B4, ln (B4/B3); b Predictors: (Constant), B3 − B4.
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Table 7. Variables entered/removed from TP predictive models depending on the regression
method used.

Model Variables Entered Variables Removed Method

1 B3 − B4, ln (B4/B3) Enter
2 ln (B4/B3) Backward (criterion: Probability of F-to-remove ≥ 0.100).
3 B3 − B4 Backward (criterion: Probability of F-to-remove ≥ 0.100).

Dependent Variable: TP (mg/L).

Table 8. Descriptive statistics-Summary tables of selected spectral indices calculated from satellite
image of 2014.

2014 N Range Min Max Mean Std. Deviation Skew-ness Std. Error Kurto-Sis Std. Error

EVI 22 0.0001 −0.002 −0.002 −0.002 0.0 0.17 0.49 1.32 0.95
NRVI 22 0.0002 −1.002 −1.002 −1.002 0.0 −0.58 0.49 −0.3 0.95
NDWI 22 0.0064 0.86 0.87 0.87 0.002 0.46 0.49 −0.6 0.95

MNDWI 22 0.0021 0.94 0.94 0.94 0.0005 0.02 0.49 0.08 0.95
GNDVI 22 0.0218 −0.424 −0.4 −0.42 0.006 0.72 0.49 −0.08 0.95
NDVI 22 0.023 −0.29 −0.26 −0.28 0.006 0.797 0.491 0.46 0.953

Table 9. Regression analysis statistics and models’ summary among multiple spectral indices and
log-chlorophyll-a concentrations (dependent variable).

Model R R Square Adjusted R
Square

Std. Error of
the Estimate

Change Statistics Durbin-
WatsonR Square Change F Change df1 df2 Sig. F Change

1 0.578 a 0.334 0.126 0.12 0.334 1.608 5 16 0.214
2 0.576 b 0.332 0.175 0.12 −0.002 0.054 1 16 0.819
3 0.493 c 0.243 0.117 0.12 −0.089 2.275 1 17 0.150
4 0.473 d 0.224 0.142 0.12 −0.019 0.449 1 18 0.512 2.235

Dependent Variable: LOGCHL-A; a Predictors: (Constant), NDVI, MNDWI, EVI, NDWI2, NRVI; b Predictors:
(Constant), NDVI, MNDWI, EVI, NDWI2; c Predictors: (Constant), NDVI, EVI, NDWI2; d Predictors: (Constant),
NDVI, NDWI2.

Remote Sens. 2018, 10, x FOR PEER REVIEW    10 of 22 

 

Table 7. Variables entered/removed from TP predictive models depending on the regression method 

used. 

Model  Variables Entered  Variables Removed  Method 

1  B3 − B4, ln (B4/B3)    Enter 

2    ln (B4/B3)  Backward (criterion: Probability of F‐to‐remove ≥ 0.100). 

3    B3 − B4  Backward (criterion: Probability of F‐to‐remove ≥ 0.100). 

Dependent Variable: TP (mg/L). 

Table 8. Descriptive statistics‐Summary  tables of selected spectral  indices calculated  from satellite 

image of 2014. 

2014  N  Range  Min  Max  Mean  Std. Deviation  Skew‐ness  Std. Error  Kurto‐Sis  Std. Error 

EVI  22  0.0001  −0.002  −0.002  −0.002  0.0  0.17  0.49  1.32  0.95 

NRVI  22  0.0002  −1.002  −1.002  −1.002  0.0  −0.58  0.49  −0.3  0.95 

NDWI  22  0.0064  0.86  0.87  0.87  0.002  0.46  0.49  −0.6  0.95 

MNDWI  22  0.0021  0.94  0.94  0.94  0.0005  0.02  0.49  0.08  0.95 

GNDVI  22  0.0218  −0.424  −0.4  −0.42  0.006  0.72  0.49  −0.08  0.95 

NDVI  22  0.023  −0.29  −0.26  −0.28  0.006  0.797  0.491  0.46  0.953 

Table 9. Regression analysis statistics and models’ summary among multiple spectral indices and log‐

chlorophyll‐a concentrations (dependent variable). 

Model  R  R Square 
Adjusted 

R Square 

Std. Error of 

the Estimate 

Change Statistics  Durbin‐

Watson R Square Change  F Change  df1  df2 Sig. F Change 

1  0.578 a  0.334  0.126  0.12  0.334  1.608  5  16  0.214   

2  0.576 b  0.332  0.175  0.12  −0.002  0.054  1  16  0.819   

3  0.493 c  0.243  0.117  0.12  −0.089  2.275  1  17  0.150   

4  0.473 d  0.224  0.142  0.12  −0.019  0.449  1  18  0.512  2.235 

Dependent Variable: LOGCHL‐A;  a Predictors:  (Constant), NDVI, MNDWI, EVI, NDWI2, NRVI;  b 

Predictors: (Constant), NDVI, MNDWI, EVI, NDWI2; c Predictors: (Constant), NDVI, EVI, NDWI2; d 

Predictors: (Constant), NDVI, NDWI2. 

 

Figure  5.  (a)  Predictor  importance  charts  indicating  the  optimal  factors  for  the  assessment  of 

Chlorophyll‐a and (b) Ammonium concentrations. 

Table 10. Statistical summary and description of final water quality parameters’ models. 

Model  R  R2 
Std. Error of 

the Estimate 
R2 Change 

Durbin‐

Watson 
p‐Value 

logchl‐a = −117.64 − (4894.002 × EVI) − (313.07 

× NDWI) + (433.46 × MNDWI) + (103.140 × 

NDVI) 

0.58  0.33  0.12  −0.002  2.24  0.1 

NH4+ = −0.323 + 0.136 × [(B1 − B4)/(B3 − B4)]  0.26  0.07  0.02  0.7  2.33  0.1 

Chl‐a = −38.621 + 92.050 × [(B2/(B1 + B2 + B3)] 

+ 2239.647 × [(B1 + B2)/2] 
0.44  0.19  0.13  0.19  2.5  0.1 

Figure 5. (a) Predictor importance charts indicating the optimal factors for the assessment of
Chlorophyll-a and (b) Ammonium concentrations.

Table 10. Statistical summary and description of final water quality parameters’ models.

Model R R2 Std. Error of
the Estimate R2 Change

Durbin-
Watson p-Value

logchl-a = −117.64 − (4894.002 × EVI) − (313.07 ×
NDWI) + (433.46 × MNDWI) + (103.140 × NDVI) 0.58 0.33 0.12 −0.002 2.24 0.1

NH4
+ = −0.323 + 0.136 × [(B1 − B4)/(B3 − B4)] 0.26 0.07 0.02 0.7 2.33 0.1

Chl-a = −38.621 + 92.050 × [(B2/(B1 + B2 + B3)] +
2239.647 × [(B1 + B2)/2] 0.44 0.19 0.13 0.19 2.5 0.1
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3.3. Algorithm Validation

The reliability and validation of the final selected models was investigated based on statistical
indices, resulted from the implementation of several regression models among Landsat 8-estimated
values of Chl-a, logchl-a and ammonium concentrations in Trichonis Lake and their respective in-situ
values of 2013. Linear, logarithmic, quadratic, cubic, power and exponential models, have been
developed among the observed (in situ) data of 2013 and satellite derived data in order to detect the
best potential agreement and performance and by extension to validate the final selected assessment
models During this validation process, regression analysis indicated the cubic model as the model
with the highest correlation coefficients for all the under study parameters (chl-a, ammonium), except
for logchl-a where the quadratic model was proven to yield slightly better results than the cubic one
(Table 11). Nevertheless, the low performance (low R and R2 values) and poor fit of the aforementioned
validation models imply their moderate-to low predictive potential and more in-situ data are required
in order to train more effective algorithms. Besides, the highest correlation coefficient among all
validation models, is associated with the ammonium concentration assessment model and it is equal
to 0.7, then follows chl-a cubic model with R equal to 0.5 and finally logchl-a predictive model with
similar values between cubic and quadratic models, 0.4 and 0.41, respectively (Table 11).

The spatial distribution of in-situ measurements of NH4
+ (Figure 6a) and Chl-a concentration

(Figures 7a and 8a) was mapped through their spatial interpolation using the Spline method in order
to compare the output with the satellite derived values. Other interpolation methods, such as IDW
(Inverse Distance Weighted) and natural neighbor, were also tested, but Spline method generated the
smoothest surfaces and representative values that were closer to the in-situ measured concentrations.
The ammonium assessment model was selected to be depicted as the model with the highest correlation
coefficient (validation process) and its application on the satellite image of 2013 yielded concentrations
which range from 0 to 0.11 mg/L (Figure 6b) in relation to in-situ ammonium distribution which
ranged from 0 to 0.08 mg/L (Figure 6a). Pixels having negative values were deleted and the few that
remained are illustrated with a black color.

Furthermore, the application of the predictive models on the satellite data of 2013 indicated some
increasing or decreasing assessment trends compared to the respective in-situ data. In particular,
chl-a predictive models overestimated the actual chl-a concentrations, with the main difference being
that the model retrieved from singe band combinations presents a more fluctuated value distribution
(Figure 7b) than the Chl-a retrieved from specific spectral indices (Figure 8b). On the other hand,
ammonium concentrations are slightly underestimated compared to in-situ, while the assessment
model managed to predict the exact value at the T8 sampling station (Figure 9c). Moreover, it is
observed that predicted ammonium concentrations follow, in general, similar distribution with the
respective in-situ, concerning the value fluctuations. An exception is obvious at T14 sampling station,
where in-situ values illustrate an increase and the greatest value while at the same point predicted
ammonium presents a decrease and the lowest value, respectively.
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Figure 7. (a) In-situ Chl-a (µg/L) spatial distribution of 2013 and (b) Satellite derived Chl-a (µg/L) of
2013 along the Trichonis Lake, after applying the satellite-predictive algorithm using L8 bands.
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Figure 9. Dual axes line-bar charts illustrating the under study (in-situ and satellite derived) parameters’
distribution, as resulted from the validation models, e.g., (a). Chlorophyll-a (in-situ and satellite derived
based on spectral indices), (b) Chlorophyll-a (in-situ and satellite derived based on spectral L8 bands)
and (c) NH4

+ concentrations.
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Table 11. Regression analysis statistics and summary of water quality parameters’ predictive models,
used in the validation process. Explanation of results: R2: the proportion of variance in the dependent
variable which can be predicted from the independent variables, R: Correlation coefficient, Std. Error
of the Estimate: measure of the accuracy of predictions, F value: the ratio of the mean regression sum
of squares divided by the mean error sum of squares, df1-df2: degrees of freedom, Sig.: Significance,
Constant: Y intercept, b1-b2-b3: least squares estimates.

Chl-a (µg/L) Model Summary Parameter Estimates

Equation R2 R Std. Error of
the Estimate F df1 df2 Sig. Constant b1 b2 b3

Linear 0.04 0.2 0.22 0.71 1 17 0.41 1.95 0.25
Logarithmic 0.05 0.2 0.22 0.89 1 17 0.36 2.19 0.29
Quadratic 0.2 0.44 0.21 1.92 2 16 0.18 −2.28 8.27 −3.72

Cubic 0.2 0.5 0.21 1.99 2 16 0.17 −0.96 4.42 0.0 −1.18
Power 0.1 0.23 0.09 0.92 1 17 0.35 2.18 0.13

Exponential 0.04 0.2 0.095 0.72 1 17 0.41 1.96 0.11

NH4
+ (mg/L) Model Summary Parameter Estimates

Equation R2 R Std. Error of
the Estimate F df1 df2 Sig. Constant b1 b2 b3

Linear 0.11 0.33 0.01 2.36 1 20 0.14 0.03 −0.22
Logarithmic 0.06 0.25 0.01 1.36 1 20 0.26 −0.001 −0.01
Quadratic 0.37 0.61 0.01 5.67 2 19 0.012 −0.02 2.33 −31.7

Cubic 0.47 0.69 0.004 5.42 3 18 0.01 0.09 −6.63 208.94 −2038.7
Power 0.18 0.42 0.379 4.31 1 20 0.05 0.001 −0.76

Exponential 0.26 0.51 0.36 6.84 1 20 0.02 0.04 −24.2

Chl-a (µg/L)
(Spectral Indices) Model Summary Parameter Estimates

Equation R2 R Std. Error of
the Estimate F df1 df2 Sig. Constant b1 b2 b3

Linear 0.11 0.34 0.016 2.54 1 20 0.13 1.96 0.03
Logarithmic 0.09 0.3 0.016 1.91 1 20 0.18 1.99 0.02
Quadratic 0.17 0.41 0.016 1.92 2 19 0.17 2.02 −0.11 0.07

Cubic 0.17 0.4 0.016 1.22 3 18 0.33 1.998 −0.02 −0.03 0.03
Power 0.09 0.3 0.008 1.91 1 20 0.18 1.99 0.01

Exponential 0.11 0.34 0.008 2.54 1 20 0.13 1.96 0.01

4. Discussion

The possibility of providing large scale and high frequency data makes the use of remote sensing
technology a suitable approach for tracking phenomena at a temporal scale suitable to the development
of the event. This is true, for example, for algal blooms, since the traditional limnological surveys
are inadequate and expensive. Moreover, satellite data are key pieces of information for monitoring
the effect of climate change. Climate related-factors, such as the amount and intensity of rainfall
affecting the basin runoff, can have major effects on the availability of nutrients for algae in lakes.
Limnology can benefit from techniques that allow the collection, in near real time, of large scale
data, thus accomplishing a better understanding of the response of lacustrine ecosystem to peculiar
meteorological events related to climate change [6]. Unfortunately, in this study, the limited potential
of Landsat 8 OLI imagery to accurately determine water quality parameters’ concentrations (chl-a and
nutrients) in an oligotrophic waterbody was demonstrated.

Several multiple linear regressions were established yielding insignificant statistical correlations
among satellite and in-situ data. The final chl-a algorithm based on single Landsat bands, includes the
bands B1 (ultra blue), B2 (blue) and B3 (green) [68] mapped OLI’s spectroradiometric sensitivity to
changes in optically active components (OACs), for a nominal solar zenith angle θs = 40◦, while the
solar zenith angle in our study equals to θs = 35◦. According to [68], for chl-a changes greater than
0.5 µg/L, the blue band demonstrates the highest sensitivity. This indicates some disadvantages in
detecting changes smaller than 0.5 µg/L (usually in oligotrophic waters). Furthermore, B1 was proven
to yield better results in waters with relatively low chl-a concentrations while B3 usually demonstrates
similar sensitivity with B1.
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Nutrient concentrations are in-water quality components that lack optical properties. This is the
most significant reason that so few studies have not only attempted to map them but also actually
managed to monitor them accompanied by reliable statistical results. Moreover, very few are the
projects that were able to establish total nitrogen algorithms with statistically significant results or
reasonable adjusted R2 values [24]. Based on our study, the final ammonium algorithm involved the
B1, B3 and B4 bands associated with a regression coefficient equal to 0.7, as far as the validation process
is concerned. Studies by [26] and [24] utilized Landsat TM bands and demonstrated similar outcomes,
by using bands 1 (blue) and 2 (green). On the other hand, although Reference [25] predicted total
nitrogen concentrations by using Landsat TM bands 1 (blue), 2 (green), 3 (red), and 4 (NIR), those were
not very successful (R2 = 0.24) [24].

According to our study findings, the logchl-a predictive model based on spectral indices
incorporated OLI bands 2 (blue), 3 (green), 4 (red), 5 (NIR) and 7 (swir2) with R equal to
0.58 [13,16,62,69] used similar bands for the estimation of chlorophyll-a in lakes and reservoirs and more
particular vegetation indices and bands TM and ETM 1 (blue), 2 (green) and 4 (NIR). Reference [62]
used the NDVI in Laguna Chascomús in relation to Chl-a estimation for its optical characteristics and
because it is sensitive to the pigment absorption. NDVI has been found to be very sensitive to changes
in the environment [62,63]. Moreover, its use is more successful in zones with moderate wind speeds
without developing waves, which is not the case in Trichonis Lake [62]. Furthermore, water indices
include SWIR band and according to Reference [70] all significant band combinations for chlorophyll
included at least one of the short wave infrared bands (SWIR), although most water quality studies to
this point have not included SWIR bands. Ratios between either chlorophyll absorption bands (red and
blue) or chlorophyll reflectance bands (green and NIR) with either of the two SWIR bands expected
to emphasize the portion of the spectrum affected by chlorophyll, thereby making estimated values
more readily correlated with actual sample values [70]. Reference [71] also tried to generate a different
Chl-a model for different Landsat sensors (5 TM, 7 ETM+ and 8 OLI). Although OLI sensor has better
radiometric sensitivity and signal to noise ratio, they could not prove that OLI is better than TM and
ETM+ sensors. Overall, they observed that each Landsat sensor can be used to estimate Chl-a in the
reservoir while the best model for TM sensor included a combination of green, red and NIR band, and
the ratio green/red (R2 = 0.92). A three-variable model using green and SWIR-1 bands and the ratio
red/green was the best model to predict Chl-a using EMT+ sensor (R2 = 0.91).

Effective and precise water quality determination is dependent on the satellite sensor used, the
methodology followed and also on the nature of the waters studied (Case-1, Case-2). Based in these
premises the aforementioned authors (who used Landsat images) in addition to [72,73], concluded
that the application of MERIS FLH algorithms in oligotrophic waters may be excluded because of too
low signal to noise ratio. Furthermore, according to Reference [74], eutrophic and mesotrophic lakes
provide more accurate estimations than oligotrophic, due to the lack of suspended particles that are
detectable by satellite sensors.

All in all, in this study results showed that water quality monitoring of oligotrophic freshwater
bodies through remote sensing tools can be a really challenging task. Landsat 8 has been widely
used in eutrophic lakes and even fewer studies have managed to estimate nutrients, particularly
ammonium concentrations. Season of water samplings, lake trophic status and the spatial homogeneity
may be the greatest limitations that prevented a better and more accurate prediction. In case of a
better performance of predictive models, the continuous water quality monitoring of Trichonis lake
would be feasible in combination with simultaneous satellite imageries. Those models might be
extended and applied efficiently in other lakes of the planet with similar morphological characteristics,
contributing to cost savings, knowledge dissemination regarding lake management and protection
and implementation of recovery strategies.
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5. Conclusions

Our study explored the use of remote sensing technology and specifically of Landsat 8 OLI
sensor, to accurately quantify certain water quality parameters. Two water sampling campaigns
were conducted in the largest and deepest lake of Greece, Trichonis Lake, in 2013 and 2014 studying
concentrations of chlorophyll-a and nutrients while simultaneous L8 imageries were at our disposal.
Although chlorophyll-a is broadly used as a lake water quality indicator in combination with satellite
data, very few studies have investigated the prediction of nutrient concentrations.

According to the in-situ data analysis and their spatial distribution, it has been strongly ascertained
that Trichonis Lake is characterized by particularly low concentrations and the lack of any spatial or
temporal value differentiation across the twenty-two sampling stations, case that inhibited a greater
predictive potential. Weak correlations were detected among in-situ and satellite data while those
correlations, particularly in autumn and summer, may also be due to the lake turnover effect. When
the equalization of the thermal gradient in the lake induces mixing of surface and bottom waters,
remote monitoring is made difficult due to instability [70].

Moreover, the incorporation of the SWIR band into chl-a estimation (in contrast to other studies)
suggests that there may be a relationship between SWIR reflection and algae/plant production, which
deserves further investigation. Additional water samplings should be made during different time
periods concerning specific mixing boundaries (surface-bottom waters) in order to investigate whether
the feasibility of remote monitoring increases. In case strong relationships are found, this may help
improve prediction capabilities by providing researchers with bounded time periods (according to
region) [70]. Further research is required towards the investigation of more water parameters or using
sensors of different spatial and geometrical analysis in order to be able to compare the outcomes
among all different cases. Even though early results demonstrated the vulnerability of the Landsat 8
imagery to precisely determine certain water quality components in an inland oligotrophic body, it is
generally accepted that those models may initially increase the knowledge of Trichonis lake’s water
quality and then be utilized as warning indicators of water quality deterioration.
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