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Abstract

3 A new version of Trophic State Index for freshwater Himalayan lake (TSI FHL) has been 4 derived from Landsat 8 OLI

to determine the aquatic health of the lake ecosystem. TSI FHL is 5 based on chlorophyll-a concentration (C Chl-a) which

has been retrieved from Landsat 8 OLI 6 data and laboratory measurements using an empirical approach. Further, in-situ 7

measurements have also been taken with Secchi disk depth (Z SD) in a freshwater Himalayan 8 lake (FHL). The derived C

Chl-a exhibited lower and upper limit of 25.81 μg/L and 207.96 9 μg/L respectively. The modelled Z SD values ranged between

0.18 m to 0.66 m with an 10 average depth of 0.50 m. The best-fitted regression model, developed for C Chl-a with R² = 11

0.89, exhibited model error of 0.77 μg/L for the Standard Error of Estimate (SEE). The Mean 12 Absolute Percentage Error

(MAPE) and Nash-Sutcliffe coefficient (E) values were 5.83 % 13 and 0.98 μg/L respectively. For the Z SD, the best-fitted

model showed errors of 0.11 μg/L 14 (SEE), 13.93 % (MAPE), and 0.77 μg/L (E) with R² = 0.84. 15
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Trophic state assessment of a freshwater Himalayan lake using Landsat 8 OLI  satellite 1 

imagery: A case study of Wular Lake 2 

Abstract 3 

A new version of Trophic State Index for freshwater Himalayan lake (TSIFHL) has been 4 

derived from Landsat 8 OLI to determine the aquatic health of the lake ecosystem. TSIFHL is 5 

based on chlorophyll-a concentration (CChl-a) which has been retrieved from Landsat 8 OLI 6 

data and laboratory measurements using an empirical approach. Further, in-situ 7 

measurements have also been taken with Secchi disk depth (ZSD) in a freshwater Himalayan 8 

lake (FHL). The derived CChl-a exhibited lower and upper limit of 25.81 µg/L and 207.96 9 

µg/L respectively. The modelled ZSD values ranged between 0.18 m to 0.66 m with an 10 

average depth of 0.50 m. The best-fitted regression model, developed for CChl-a with R² = 11 

0.89, exhibited model error of 0.77 µg/L for the Standard Error of Estimate (SEE). The Mean 12 

Absolute Percentage Error (MAPE) and Nash–Sutcliffe coefficient (E) values were 5.83 % 13 

and 0.98 µg/L respectively. For the ZSD, the best-fitted model showed errors of 0.11 µg/L 14 

(SEE), 13.93 % (MAPE), and 0.77 µg/L (E) with R² = 0.84. 15 

Keywords: Chlorophyll-a Concentration (CChl-a), Eutrophication, Himalayan Lake, 16 

Landsat 8 OLI, Secchi disk depth (ZSD), Trophic State Index (TSI) 17 

1. Introduction  18 

Freshwater ecosystems across the globe are under substantial stress and prone to frequent 19 

manifestations such as harmful algal blooms (Lee et al., 2016) which pose threat to society 20 

and environment restricting lives of humans and animals dependent on lake ecosystem (Le et 21 

al., 2013; Smith, 2006). Being the primary source of organic carbon, biogeochemical process 22 

and base of aquatic food web, phytoplankton has a significant impact on lake ecosystem and 23 

water quality (French & Petticrew, 2007; Palmer et al., 2015; Williamson et al., 2009; Zheng 24 

& DiGiacomo, 2017). For a biologically productive and healthy lake, the concentration of 25 

phytoplankton and algae should be under optimal concentration (Patra et al., 2017). The 26 

disproportionate growth of the phytoplankton biomass resulting from anthropogenic nutrient 27 

enrichment can lead to trophic level failure, shifts in species diversity, disappearance of 28 

benthic fauna at several trophic levels (Glibert et al., 2002; Paerl & Paul, 2012; 29 

Vadeboncoeur et al., 2003).  30 

Although, the process of lake eutrophication is natural but recent studies have 31 

revealed that it could accelerate in response to the effects of anthropogenic events and or 32 

climate change (Li et al., 2011; Watanabe et al., 2015). The excessive growth in plants due to 33 
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enrichment of nutrients and minerals by anthropogenic activities also termed as Cultural 34 

eutrophication, results in lake’s ecological imbalance, increased turbidity and loss of 35 

submerged macrophytes (Yu et al., 2015). The critical level of eutrophication includes 36 

hypoxia (dearth of oxygen) and noxious algal blooms which leads to severe damage to 37 

aquatic life like massive fish mortality (Dua et al., 2019; Wen et al., 2018). Recently, large 38 

number of lakes are suffering from recurrent algal blooms and this phenomenon has turned 39 

out to be a global environmental problem (Chen et al., 2017; Wang & Liang, 2015). 40 

Therefore, it is important to monitor phytoplankton biomass in lake ecosystems. The 41 

estimation of Chlorophyll-a (Chl-a) for evaluation of the trophic status of aquatic system is 42 

effective for scrutinizing and managing eutrophic lakes (Carlson, 1977).  43 

In water bodies, profusion of phytoplankton biomass is usually measured with a proxy 44 

i.e. by quantifying the concentration of chlorophyll-a (CChl-a), which determines the water 45 

quality and biophysical status (Huot et al., 2007; Moses et al., 2009). Besides, CChl-a is 46 

considered as an indicator of eutrophication which indicates about the ecological health of 47 

aquatic environment and water trophic level (Ha et al., 2017; Kasprzak et al., 2008; Yang et 48 

al., 2010). The conventional methods of Chl-a measurement involve estimation of its 49 

concentration spectrophotometrically after the collection and preservation of water samples 50 

(Chen et al., 2013). The other methods involve in situ measurements with chlorophyll 51 

fluorometers and remotely with optical radiometers (Dickey et al., 2006). Nevertheless, these 52 

methods are not well suited as they limit investigators to represent a synoptic Spatio-temporal 53 

view of a waterbody (Chen et al., 2011; Giardino et al., 2001; Lim & Choi, 2015). Satellite 54 

remote sensing has been extensively used for monitoring and managing water quality 55 

(Bukata, 2013; Guo et al., 2016; Mushtaq & Nee Lala, 2017a) due to its potential to provide 56 

consistent Spatio-temporal observations at a large scale (Han et al., 2014; Senay & Shafique, 57 

2001). The assessment of Chl-a using geospatial technique is a well-recognized scientific 58 

application (Schalles, 2006), generally based on empirical relationships between the sensor 59 

reflectance and Chl-a (Ritchie et al., 2003). Numerous studies have been conducted globally 60 

and algorithms have been developed for mapping and monitoring of CChl-a and trophic state 61 

using various satellite data (Bresciani et al., 2018; Cunha et al., 2013; Gurlin et al., 2011; X. 62 

Li et al., 2017; Yang et al., 2010). 63 

The present study is a preliminary contribution to bio-optical research based on 64 

properties of  Chlorophyll-a (Chl-a) and Secchi Disk Depth (ZSD) using geospatial techniques 65 

of one of the largest freshwater lakes in Asia sited in Kashmir Himalayas. The study lays a 66 
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theoretical foundation for further research on this lake ecosystem in near future. In the 67 

present study, the performance, and applicability of multiband ratio algorithm for estimation 68 

of CChl-a and ZSD in a freshwater Himalayan lake (FHL) in Kashmir Himalayas has been 69 

investigated. Furthermore, to determine the aquatic health of lake ecosystem a new version of 70 

Trophic State Index (TSI) for a freshwater Himalayan lake (TSIFHL) has been derived from 71 

Landsat 8 OLI. 72 

2. Study area and test sites 73 

The Wular lake is one of the largest freshwater lakes of Asia, located in the north-west of 74 

Kashmir Himalayas (34°16' - 34°32' N latitude and 74°28' - 74°48' E longitude), ~55 km 75 

from Srinagar city at an altitude of 1,580 m (a.m.s.l) (Fig. 1). The river “Jhelum”, 76 

“Madhumati”, and “Erin” are the vital sources of inflow into Wular lake, with only single 77 

outlet in the form of River Jhelum in south-west (near Sopore). According to the reports of 78 

(National Wetland Atlas 2010) the lake is elliptical in shape, formed by meandering of River 79 

Jhelum with maximum length of 16 km (North to South) and width of 9.6 km (East to West). 80 

The depth measurement confirms that the lake is optically shallow (average ~1 m). The lake 81 

is of paramount importance because of its ecologically rich environment and is designated as 82 

Wetland of International Importance under Ramsar Convention-1990. It serves as a 83 

significant habitat for migratory waterbirds (like ducks, shorebirds, geese, and cranes), major 84 

fisheries resource (Schizothorax niger, Triplophisa marmorata and Triplophysa 85 

kashmirensis), source of plant species (Trapa and Nelumbium nucifera) in Kashmir Valley 86 

(Wetlands International 2007). The area falls in a temperate climate zone with four distinct 87 

seasons: spring, summer, autumn, and winter (Jeelani et al., 2012). The dominant amount of 88 

precipitation falls during winter and spring months from westerlies, while summer and 89 

autumn are comparatively drier (Mushtaq et al., 2020). According to the report of Wetland 90 

International (2007), the maximum discharge occurs during May and June with the maximum 91 

peaks exceeding 1500 cumecs. A moderate mean discharge of above 1000 cumecs occurs 92 

during August and the discharges lower down in the lean seasons in Wular lake particularly 93 

during late October to February. 94 

3. Materials and methods 95 

3.1. Field measurements and laboratory analysis 96 

The present study was prearranged and carried out in the month of October taking into 97 

consideration possible dates of satellite overpass (October 7, 2018) and minimun contribution 98 
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of heavy runoff and sediment load into the Wular lake. The water samples (n = 20) were 99 

collected during October 4 - 5, 2018 at depth of approximately (0.3 - 0.4 m) in 1 Litre 100 

polyethylene bottles from the open water portion distributed along the North - western to 101 

southern fringe of Wular lake (Fig. 1). A black-and-white disk with a diameter of ~ 20 cm 102 

was used to measure the ZSD at each sampling site and sample locations were concurrently 103 

recorded using hand-held Trimble GPS receiver. Prior to spectrophotometric analysis, the 104 

water samples were filtered on Whatman GF/C filter paper and stored at (- 20° C) followed 105 

by extraction of Chl-a with methanol using centrifugation for 10 min at 4000 rpm in 106 

centrifuge machine. The CChl-a were measured by spectrophotometer at 750 and 665 nm 107 

(Holm-Hansen & Riemann, 2006; Lorenzen, 1967; Talling et al., 1980) (Table 1). 108 

3.2. Landsat 8 OLI image acquisition and pre-processing 109 

The cloud-free Landsat 8 OLI Level 1T image (Scene-ID:LC81490362018280LGN00; path: 110 

149 and row: 36) of October 07, 2018 was obtained from USGS Earth Explorer data portal to 111 

develop Chl-a and ZSD algorithm which was further incorporated in the assessment of TSIFHL. 112 

Landsat data is ideal for wide range of application in domain of water quality due to 30 m 113 

spatial resolution which allows synoptic observation of lakes (Lee et al., 2016). Ma & Dai 114 

(2005) confirmed about the effective applicability of Landsat sensor data and field spectral 115 

measurement for study of chlorophyll-a and total suspended matter concentrations in Taihu 116 

Lake, China. The scene used in this study was already corrected for geometrical errors, 117 

atmospheric perturbations were rectified by means of dark object subtraction (DOS) method 118 

using the radiometric rescaling coefficients (Chávez, 1996) and the digital numbers (DNs) 119 

were converted to water reflectance (Lu et al., 2002; Yang & Lo, 2000). The true spectral 120 

reflectance (ρw) of water was calculated by the equation as follows: 121 

ρw = (Lsatrad − Lhaze1%rad)π ×
d2

Eoλ
× cosθs × TAUv       (1) 

where, ρw is the spectral reflectance of water, Lsatrad and Lhaze denotes the radiances at 122 

sensor and atmospheric path, respectively, d is distance between earth and sun (in 123 

astronomical units), Eoλ is exo-atmospheric solar irradiance, θ is sun zenith angle, TAUv is 124 

atmospheric transmittance along the path from the ground surface to the sensor. Based on 125 

Normalized difference water index (NDWI) (McFeeters, 1996), the North-eastern part of the 126 

lake was excluded from the analysis as the area is characterized by highly dense aquatic 127 

vegetation. 128 
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3.3. Algorithm development and model calibration for CChl-a and ZSD 129 

For the development of analytical models of biophysical parameters (CChl-a and ZSD) for FHL, 130 

different set of regression models (linear and nonlinear) have been explored using various 131 

band combinations of Landsat 8 OLI. The most ideal method for estimation of Chl-a using 132 

Geospatial technique is the implementation of empirical relationship between CChl-a and 133 

sensor reflectance (Bohn et al., 2018; Haung et al., 2010; Matus-Hernandez et al., 2018; 134 

Mayo et al., 1995; Murugan et al., 2014; Salem et al., 2017). For the development of 135 

regression model, the total samples (n = 20) were distributed into two sets: one set for 136 

regression modelling i.e. 80% (n = 16) while as other set for validation of model i.e. 20% (n 137 

= 4). The best retrieval model was investigated empirically by formulating a regression 138 

algorithm for each single band as well as multiple bands to select the one with highest (R²). 139 

In case of ZSD reciprocal reflectance have been used in modelling process because it reduces 140 

the bidirectional and viewing geometrical difference properties (Singh et al., 2014). The 141 

empirical algorithm established from the single and multiband ratios for retrieval of ZSD and 142 

CChl-a can be expressed by Equation No. (2) & (3). 143 

𝑍𝑆𝐷    =     [𝑎1; … … … 𝑎2;  𝜌𝑤−1(𝜆1)]                        (2) 

 144 

𝐶𝐶ℎ𝑙−𝑎 = [𝑎1; … … … 𝑎2;
{𝜌𝑤(𝜆1) − 𝜌𝑤(𝜆2)}

𝜌𝑤(𝜆3)
]        (3) 

 145 

where a1 and a2 are the regression coefficients: λ1 = 865 nm (spectral region between 851 - 146 

879 nm) is sensitive to the reflection caused by an interaction of algal-cell scattering and a 147 

minimum combined effect of pigment and water absorption (Rundquist et al., 1995).  λ2 = 148 

482 nm (spectral region between 452 - 512 nm) is maximally sensitive to the absorption of 149 

blue light due to chlorophyll-a concentration. In case of clear water, the reflection in this 150 

region is approximately 2% which drops gradually to 1% at higher wavelengths. λ3 = 561 nm 151 

(spectral region between 533 - 590 nm) is maximally sensitive to the reflectance caused by 152 

relatively lower absorption of green light by algae (Gitelson, 1992). The bands ratios were 153 

used in the development of model as the spectral band ratios are the more preferred because 154 

they help to reduce the irradiance, atmospheric and air-water surface effects on reflectance 155 

(Dekker et al., 1993; Lillesand et al., 2015). 156 

 157 
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3.4. Model evaluation and validation 158 

To evaluate the efficacy and forecast precision of the best model based on reflectance 159 

measurement, validation was performed using the field samples. The algorithms performance 160 

and errors were computed using three statistic metrics including SEE (Standard error of 161 

estimate), E (Nash–Sutcliffe model efficiency coefficient), MAPE (Mean absolute percentage 162 

error) and Bias given below: 163 

                      𝑆𝐸𝐸 = √∑
(𝑋𝑚𝑒𝑎𝑠,𝑖 − 𝑋𝑝𝑟𝑒𝑑,𝑖)

2

𝑛
⁄

𝑛

𝑖=1

                                      (4) 

      𝑀𝐴𝑃𝐸 = 𝑛−1 ∑ |
𝑋𝑚𝑒𝑎𝑠,𝑖 − 𝑋𝑝𝑟𝑒𝑑,𝑖

𝐵𝑃𝑃𝑚𝑒𝑎𝑠,𝑖
| × 100                                           (5)

𝑛

𝑖=1

 

                                        164 

                     𝐸 = 1 − [
∑ (𝑋𝑚𝑒𝑎𝑠,𝑖 − 𝑋𝑝𝑟𝑒𝑑,𝑖)

2𝑛
𝑖=1

∑ (𝑋𝑚𝑒𝑎𝑠,𝑖 − 𝑋𝑚𝑒𝑎𝑠,𝑖)
2

𝑛
𝑖=1

]                                      (6) 

 165 

                    𝐵𝑖𝑎𝑠 = 𝑛−1 ∑(𝑋𝑚𝑒𝑎𝑠,𝑖 − 𝑋𝑝𝑟𝑒𝑑,𝑖)

𝑛

𝑖=1

                                          (7) 

 166 

where n represents number of samples, Xmeas,i and Xpred,i  represents the measured and 167 

predicted biophysical parameters (CChl-a and ZSD) of the i
th

 sample respectively. 168 

3.5. Evaluation of TSIFHL 169 

To better understand the trophic status of freshwater Himalayan lake (FHL), a new version of 170 

TSI derived from Landsat 8 OLI has been proposed for freshwater Himalayan lake (TSIFHL). 171 

Due to the unavailability of the total phosphorous data, the trophic state assessment was 172 

carried out on the basis of ZSD and Chl-a. CChl-a is recommended as a trophic status indicator 173 

since its values are not much altered due to other environmental factors (Carlson, 1977). For 174 

index generation, regression analysis was performed between in-situ data of ZSD and lab 175 

measured CChl-a. The logarithmic function obtained between “ZSD and CChl-a” (Equation No. 176 

8) was substituted into Equation No. (9) originally proposed by (Carlson, 1977), resulting in 177 

Equation No. 10. Equation 10 is a revised version of Carlson’s model for evaluation of 178 

TSIFHL. The results obtained from TSI (ZSD) were compared with criteria established in the 179 
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peer-reviewed literature (Table 4). The evaluation standards for TSIFHL, corresponding to 180 

CChl-a were categorized into six classes (Table 5). 181 

 182 

𝑙𝑛𝑍𝑆𝐷 = ∝ 𝑙𝑛𝐶𝐶ℎ𝑙−𝑎 +  𝛽                                           (8) 

𝑇𝑆𝐼 (𝑍𝑆𝐷) = 10 (6 −
𝑙𝑛𝑍𝑆𝐷

𝑙𝑛2
)                                   (9) 

𝑇𝑆𝐼 (𝐶𝐶ℎ𝑙−𝑎)𝐹𝐻𝐿 = 10 [6 − (
∝ 𝑙𝑛𝐶𝐶ℎ𝑙−𝑎 + 𝛽

𝑙𝑛2
)]   (10) 

 183 

where, α and β are the angular and linear coefficients respectively. TSI (CChl-a)FHL is Trophic 184 

State Index for freshwater Himalayan lake with respect to concentration of Chl-a. CChl-a 185 

represents concentration of Chlorophyll-a in µg/L, ZSD represents Secchi disk depth in m. 186 

4. Results and discussion 187 

4.1. Landsat 8 OLI reflectance spectra of lake water (ρw) 188 

Fig. 2 exemplifies the ρw in visible to near infrared region (452 – 851 nm) of surveyed 189 

sample points in Wular lake during October 2018. ρw displayed higher variability in the 190 

visible and near infra-red regions. The spectral features of Chl-a were relatively highlighted 191 

in the reflectance spectrum even for samples with low CChl-a. The low spectra at ~ < 500 nm, 192 

is caused by the absorption of algal pigments as well as dissolved organic matter (Gitelson et 193 

al., 1993). The maxima ρw touched 7% in the green region (which varies from 0.056 - 0.076 194 

with average of 0.068), is due to the relatively lower absorption of green light by algae and 195 

because of increased backscattering with increase in particle concentration (Duan et al., 2007; 196 

Gitelson, 1992). A declining tendency of the ρw in red (~ 6%) and NIR (~ 5%) region 197 

corresponds to maxima absorption by phytoplankton pigments (Gitelson & Kondratyev, 198 

1991). An increase in ρw beyond 655 nm wavelength corresponds to the fluorescence 199 

produced by Chl-a pigments (Gordon, 1979). In productive waters this peak shifts maximum 200 

reflectance to longer wavelengths with increase in Chl-a (Gitelson et al., 1993). 201 

CChl-a ranged between 6.66 and 29.30 µg/L (mean value of 14.62 µg/L). ZSD varied 202 

from 0.20 to 1.08 m with average of 0.51 m (Table 1). The maxima concentration of Chl-a 203 

has been witnessed near lake outlet (S1) in the Southern most part, whereas lowest 204 

concentration at S18 in the North-western portion of lake, deepest part as per the depth 205 
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analysis (1.08  m). The Pearson’s Correlation coefficient (PCC) examination between in situ 206 

CChl-a and ZSD revealed significant negative relationship with r = - 0.87. 207 

4.2. CChl-a and ZSD algorithm performance 208 

Table 2 demonstrates the possible outcome of employed regression algorithms in terms of 209 

(R²) for Chl-a and ZSD. Linear form of regression algorithm established more significant 210 

correlation between reflectance and Chl-a, while as exponential in case of ZSD. Table 3 211 

depicts the result of best fit regression algorithm for Chl-a and ZSD with values of error 212 

approximations. In case of Chl-a, the best linear relationship has been witnessed for [ρw 213 

(865) – ρw (482) / ρw (561)] with highest R² = 0.89 (Fig. 3 (a)), whereas in case of ZSD non-214 

linear relationship resulted in highest value of R²=0.84 for [ρw
-1

 (865)] (Fig. 3 (b)). The 215 

calibration outcome signifies the acceptable linearity of single band and three-band model for 216 

remote estimation of ZSD (Equation. No. 11) and CChl-a (Equation. No.12) respectively, 217 

expressed by: 218 

  𝑍𝑆𝐷 = 0.01 × exp[0.51 × (𝜌𝑤−1(865))]                            (11) 

 219 

Cchl − a = 126.27 + 62.24 × [
(𝜌𝑤 (865) − 𝜌𝑤(482)

𝜌𝑤 (561)
]         (12) 

where, CChl-a and ZSD is Chlorophyll-a concentration (in μg/L) and Secchi disk depth (in m) 220 

respectively. ρw is the calibrated spectral reflectance after DOS correction. 482, 561, and 865 221 

are Landsat 8 OLI band central wavelengths for blue, green and NIR region respectively. 222 

In present study, Blue–Green–NIR bands show their maximum sensitivity to evaluate 223 

the phytoplankton pigments. The visible (Blue to Green) and near infrared (NIR) bands have 224 

been generally applied to find out the relationship between biophysical parameters and 225 

surface reflectance for lake studies (Sass et al., 2007). Gitelson et al., (2003, 2005) proposed 226 

a three-band reflectance model for assessing pigment contents in terrestrial vegetation which 227 

was further used to estimate chlorophyll-a concentrations in turbid waters (Dall’Olmo et al., 228 

2003; Gitelson et al., 2007, 2008). Singh et al., (2014) successfully applied (R
2 

of 0.88) the 229 

three-band model for retrieval of Chlorophyll-a in Hypersaline–Alkaline Water Using 230 

Landsat ETM+ Sensor. Watanabe et al., (2015) detected reasonable fits from Landsat-8 OLI 231 

bands with R
2
 greater than 0.70 for NIR-Green, NIR-Blue and, NIR-Red ratios. 232 

For ZSD ranging from 0.17 - 0.75 m (average of 0.49 m) a reasonable relationship (R² 233 

= 0.78) has been observed between Landsat 8 OLI single band model (Equation No. 11) and 234 

in situ ZSD. In case of CChl-a varying from 7.87 - 31.51 μg/L with average of 15.05 μg/L, the 235 
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Landsat 8 OLI three-band model (Equation No. 12) exhibited very close relationships (R² = 236 

0.99) with lab measured CChl-a. The difference between measured and modeled CChl-a and ZSD 237 

for 20 sample points estimated using bias (Fig. 4 a, b) showed bias of -0.43 μg/L and 0.02 238 

μg/L respectively. For CChl-a maximum and minimum difference has been observed at S1 239 

(2.21) and S19 (0.02) located in the North-western and middle portion of the lake respectively. 240 

For ZSD, maximum difference of 0.34 has been observed at S18, and zero for S2. 241 

The predicted model has been validated using independent validation subclass i.e. 242 

20% samples to estimate the applicability of the proposed model of CChl-a and ZSD (Fig. 5 a, 243 

b). The efficiency of linear NIR-Blue-Green model exhibited the acceptable results in 244 

validation for Chl-a. The model showed SEE of 0.77 μg/L, MAPE of 5.8% and E of 0.98 245 

µg/L. In case of ZSD the errors associated with the exponential single band (NIR) model, 246 

calculated as 0.11 μg/L, 13.93%, and 0.77 µg/L for SEE, MAPE, and E respectively. 247 

Yüzügüllü & Aksoy, (2011) studied the relationship between ZSD and reflectance data in 248 

Lake Eymir using Quickbird satellite data and observed higher correlation with NIR band and 249 

attributed to the higher turbidity level and shallow depth of water. Lee et al., (2016) 250 

confirmed the spectral band setting of Landsat 8 OLI is suitable for the assessment of ZSD. 251 

The outcomes clearly suggest that the models established for FHL using simulated Landsat 8 252 

OLI bands yielded satisfactory performances. 253 

4.3. Mapping of CChl-a and ZSD using Landsat 8 OLI 254 

The method illustrated in Section 3.3 were employed to Landsat 8 OLI image to map CChl-a 255 

and ZSD at 30 m spatial resolution for the open waters covering North-western and southern 256 

fringe of the lake Fig. 6 (a, b). Area covered with highly dense aquatic vegetation particularly 257 

with Azolla cristata was not mapped as it hides the true reflectance of the water. The ρw of 258 

Landsat 8 OLI seemed valid and reliable with this turbid lake system because the temporal 259 

gap between in situ measurements and Landsat 8 acquisition was only 4 days. The values of 260 

CChl-a in the range of 25.81-115.51 µg/L was apparent in the shallow areas at the periphery of 261 

lake generally covered with dense algal bloom. The upper limit of CChl-a > 207.96 µg/L was 262 

noticeable in the Northern part of the lake. Primarily due to the mixing of water from river 263 

Jhelum, Erin, and Madhumati lying near the major townships, enhancing concentration of 264 

nutrients in the lake (Mushtaq et al., 2015; Mushtaq & Nee Lala, 2017a). The lowermost 265 

concentration of CChl-a < 25.81 µg/L is confined in the central part of lake having depth > 266 

0.66 m. 267 



10 

 

The spatial analysis revealed that most of the pixels (70.51% of the open water lake 268 

area) had Chl-a values < 25.81 µg/L, whereas  29.49% area have values on the higher side as 269 

per the classification criteria of Carlson, (1977); Carlson & Simpson, (1996) (Table 4). ZSD 270 

an important parameter for indication of turbidity level, manifest the turbid nature of lake 271 

water. For the time considered, the spatial pattern of ZSD exhibited the maximum and 272 

minimum depth of 0.82 m and 0.02 m respectively with average of 0.50 m. In general, the 273 

pattern of higher transparency (ZSD > 0.66 m) was seen further offshore whereas lower clarity 274 

(ZSD < 0.18 m) is nearby river inlets and peripheral areas. The depth analysis exhibited that 275 

41.1% of the total clear water portion is under depth greater than 0.66 m, while as 16.6% is 276 

under 0.18 m. Even though, depth > 0.66 m covers major portion of lake waters, on the 277 

contrary 42.28% comes under the depth of 0.18 m - 0.66 m, which points towards the 278 

shallowness of waterbody. It was clear that the values of both CChl-a and ZSD tend to classify 279 

the water for higher trophic levels. 280 

4.4. Landsat 8 OLI derived TSIFHL 281 

The TSIFHL, developed using regression analysis between lab measured and in-situ data of 282 

CChl-a and ZSD showed a significant correlation in logarithmic fit (Fig. 7) with R² = 0.86 and ρ 283 

= 0.01. The final equation (Equation No. 10) was used to define the trophic state of Wular 284 

lake at the time of investigation (October 2018) with the incorporation of Landsat 8 OLI 285 

derived Chl-a given by the equation No. 13 286 

 

                     𝑇𝑆𝐼 (𝐶𝐶ℎ𝑙−𝑎)𝐹𝐻𝐿 = 10 [6 − (
−0.495 𝑙𝑛𝐶ℎ𝑙𝑎 + 1.7934

𝑙𝑛2
)]              (13) 

 287 

The TSIFHL for the month of October (Fig. 8 (a)) varied from lower and upper limit of 42.78 288 

to 75.96 with average value of 55.03. The TSIFHL values obtained were classified under six 289 

different trophic categories viz oligotrophic, mesotrophic, light eutrophic, medium eutrophic, 290 

hypereutrophic, and extremely hypereutrophic (Table 5). The lowest value of TSIFHL 291 

witnessed in the middle portion of lake with depth greater than 0.66 m comes under the 292 

mesotrophic level. The mesotrophic level covers 42.97 % of the total lake area (open water). 293 

However, as the depth decreases towards the marginal areas, the trophic level starts to rise to 294 

eutrophic state (light eutrophic to hypereutrophic), which covers 51.02 % of total open water 295 

portion of ~ 18 km
2
. The light eutrophic class covers 3.99 km

2 
(22.34 %), medium eutrophic 296 

covers 2.84 km
2
 (15.93 %) while as hypereutrophic and extremely hypereutrophic covers 297 
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12.74 % and 6.02 % respectively. At the convergence point of rivers (Erin, Madhumati and 298 

Jhelum) in North nearest to major urban settlements (Bandipora district), it exhibits 299 

hypereutrophic state. Although, the spatial analysis revealed that most of the pixels (42.97 %) 300 

had TSIFHL values in the mesotrophic range, however the results evidently specify that 57.03 301 

% of lake area has been found under light eutrophic state to extremely hypereutrophic state 302 

during the time of investigation (Table 4). 303 

Furthermore, the trophic classification of Wular lake based on ZSD (Fig. 8 (b)) tends 304 

to classify the water for very higher trophic category as per the classification criteria given in 305 

Table 4 (Aizaki et al., 1981; Carlson, 1977; Carlson & Simpson, 1996; Vollenweider & 306 

Kerekes, 1982). The trophic state classification based on ZSD as per the Equation no. 9 leads 307 

to the overestimation of values which do not correlate with values obtained from TSIFHL. TSI 308 

(ZSD) classified the deepest water of the lake (mesotrophic class as per TSIFHL) under 309 

eutrophic category (53.23%). According to (Carlson, 1980; Mannino et al., 2008) care should 310 

be taken while classifying inland waters using Secchi disk as transparency exhibit the 311 

combined effect of algal as well as inorganic particles. Watanabe et al., (2015) detected 312 

classification of trophic state of Barra Bonita Hydroelectric Reservoir in Brazil by Secchi 313 

disk opposite to chlorophyll-a.  314 

The foremost causative factor behind the higher trophic level is due to the radical 315 

change in LULC, particularly cultivated lands, decreased forest cover, unplanned 316 

urbanization which contribute high nutrient loads (Liu et al., 2010; Mushtaq & Lala, 2017; 317 

Wang et al., 2011, 2013; Wu & Wang 2012). A drastic transformation in the form of 318 

unplanned urban sprawl comprising of built-up areas (increased from 7 km
2
 to 52 km

2
 during 319 

1992 - 2008), which exists in the vicinity of lake contributes huge amount of nutrient load to 320 

lake from major rivers and other small tributaries due to the improper drainage system 321 

(Mushtaq & Pandey, 2013).  Another major factor is the degradation of forest land and 322 

increased soil erosion (Mushtaq et al., 2018), which augments the nutrient discharge which 323 

comprises the major source of particulate Phosphorus (Panagopoulos et al., 2011). Hence, the 324 

direct and indirect dumping of wastes from various human related activities roots to heavy 325 

deposition of chemicals and nutrients causing the lake water highly polluted, and subsequent 326 

eutrophication. Besides there is a massive reduction in clear water dominated area of lake 327 

(from 77 km
2 

 to 6 km
2
 ) and upsurge in lake surface water temperature (Mushtaq & Nee 328 

Lala, 2017b; Mushtaq et al., 2019), resulting in dominance of algal laden waters. Butt & 329 

Nazeer, (2015) revealed the key aspect behind the increased quanity of Chl-a and higher TSI 330 

in Rawla lake, Pakistan due to the relatively moderate temperature in the month of October 331 
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(average 20º C), feasible for algal growth. The study pertaining to the interrelationship of 332 

water quality and lake surface water temperature on the Dianchi Lake, noticed the lake 333 

surface tempearture as foremost factor behind the development of algal bloom (Yang et al., 334 

2018). Tang et al., (2019) stated that the alterations in the lake’s trophic state leads to the 335 

change in structure of plankton community and species composition. It has already been 336 

investigated and documented by Keller et al., (2018) that there is already elevated 337 

proliferation and predominance of invasive species of Azolla cristata and Alternanthera 338 

philoxerodies (alligator weed), which forms the thick algal mats. If the current conditions of 339 

polluting the lake is sustained, it is projected that the lake will lead to further deterioration in 340 

near future. 341 

5. Conclusion 342 

Remote estimation of CChl-a and ZSD using Landsat 8 OLI data is very effective and reliable 343 

technique in case of large and inaccessible water body. The overarching aim of the present 344 

work has been the scrutinizing the trophic status of the lake with Landsat 8 OLI data by 345 

means of new form of TSI derived from remotely estimated CChl-a and ZSD for freshwater lake 346 

in Kashmir Himalayas. The remotely sensed average CChl-a concentration for the Wular lake 347 

was 28.7 µg/L with mean ZSD of 0.50 m. The depth analysis revealed that 42.28 % of the lake 348 

area is falling under the depth range of 0.18 m - 0.66 m, clearly indicating the highly turbid 349 

conditions. The results of R² and error metrics showed the performance and robustness of 350 

predicted model for CChl-a (R² = 0.89) and ZSD (R² = 0.84). Further, the results highlighted the 351 

justification behind the theoretical model with an acceptable degree of certainty (R² = 0.96) 352 

and established the robustness of Chl-a model as an effective tool for retrieval of TSI in 353 

turbid water of Himalayan lake. The spatial analysis of TSIFHL for Wular lake (in the range of 354 

42.78 to 75.96) showed that 57.03 % of lake area in the open waters fall under the light 355 

eutrophic to extremely hyper-eutrophic state for the period considered. This is apparent as 356 

unplanned urbanization and extensive transformations in land systems are contaminating the 357 

lake waters, directly or indirectly. This condition is not only distressing for locals who are 358 

dependent on lake water for drinking purpose and livelihood, but also for migratory 359 

waterbirds, fish resources, and the local environment. The TSIFHL index proposed in this 360 

study was found more suitable for Himalayan lake ecosystems. However, the use of TSIFHL in 361 

other waterbodies with long term data is encouraged to further validate its aptness. The 362 

present study emphasizes the urgent need of eutrophication management and controlling 363 
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nutrient inputs for retaining the clear water state as augmented profusion of algal blooms can 364 

evidently deteriorate and reduce ecosystem services of Wular lake in future. 365 
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List of Figures 694 

Fig. 1 Location of Wular Lake in Jammu & Kashmir, three main inflow rivers and sampling 695 

locations in True Colour Composite image (Landsat 8 OLI of October 2018). 696 

Fig. 2 Reflectance spectra (ρw) for Landsat 8 OLI bands (452 - 851nm) of sampling points 697 

over Wular lake collected in October 2018. 698 

Fig. 3 Scatter plots demonstrates the calibration of the proposed three band model for (a) 699 

CChl-a and single band model for (b) ZSD between the lab/in-situ measurements and simulated 700 

Landsat 8 OLI-based reflectance values. 701 

Fig. 4 Validation of (a) three-band linear (Blue-Green-NIR) model for CChl-a and (b) single 702 

band exponential (NIR) model for ZSD for Wular lake with independent set of samples. 703 

Fig. 5 Difference between measured and modeled (a) CChl-a and (b) ZSD for validation set of 704 

samples 20% (n = 4). 705 

Fig. 6 Maps showing spatial distribution of (a) CChl-a and (b) ZSD retrieved from Landsat 8 706 

OLI on (Blue-Green-NIR) model and (NIR) model for October 2018. 707 

Fig. 7 Scatter plot displaying cross-relationship between lab measured CChl-a and in-situ ZSD 708 

for development of TSIFHL. 709 

Fig. 8 (a) Spatial distribution of Landsat 8 OLI derived TSIFHL computed from equation no. 710 

13 for Wular Lake (b) Map displays the spatial distribution of TSI for Wular lake calculated 711 

from (ZSD). 712 
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Tables 

Table 1 Geographic location of sampling sites, Secchi disk depth (ZSD) and Chlorophyll-a 

Concentration (CChl-a) during October 2018 with descriptive metrics: minimum value (Min), 

maximum value (Max), and Mean values. 

Sample 

Site 

Latitude 

(N) 

Longitude 

(E) 

Elevation 

(m) 

In-situ Secchi 

Disk Depth 

(ZSD) (m) 

Lab measured 

Chlorophyll-a (CChl-a) 

(µg/L) 

S1 34.37 74.54 1568.76 0.20 29.30 

S2 34.37 74.54 1573.34 0.25 20.21 

S3 34.37 74.54 1569.64 0.43 16.38 

S4 34.37 74.54 1576.63 0.34 19.20 

S5 34.37 74.54 1574.31 0.25 19.53 

S6 34.35 74.53 1572.99 0.34 18.86 

S7 34.34 74.54 1574.56 0.44 12.46 

S8 34.33 74.54 1568.27 0.38 17.85 

S9 34.32 74.53 1587.77 0.58 10.44 

S10 34.32 74.53 1575.24 0.47 11.45 

S11 34.31 74.53 1573.67 0.70 8.76 

S12 34.31 74.53 1572.79 0.70 7.41 

S13 34.30 74.53 1579.08 0.36 18.52 

S14 34.30 74.53 1576.78 0.67 10.10 

S15 34.30 74.53 1580.31 0.70 8.42 

S16 34.30 74.52 1575.48 0.79 9.43 

S17 34.29 74.52 1582.98 0.83 8.69 

S18 34.30 74.52 1581.37 1.08 6.66 

S19 34.29 74.51 1586.25 0.48 11.11 

S20 34.29 74.52 1584.59 0.24 27.62 

Descriptive metrics 

Min= 0.20 

Max= 1.08 

Mean= 0.51 

Min= 6.66 

Max= 29.30 

Mean= 14.62 

 



Table 2 Results of regression modelling presents the empirical correlation between sensor reflectance (L8 OLI) and biophysical parameters 

(chlorophyll-a concentration (CChl-a) and Secchi disk depth (ZSD)). 

Bands/ Band combinations Model equation R² 

CChl-a ZSD CChl-a ZSD CChl-a ZSD 

ρw (865) ρw (865) y = 720.95x – 85.96 y = 17.32e
-24.33x

 0.88 0.82 

ρw (865) / ρw (655) ρw
-1

 (865) y = 80.07x – 48.90 y = 0.01e
0.57x

 0.77 0.84 

ρw (865) / ρw (561) ρw (561) / ρw (865) y = 104.92x - 58.80 y = 0.02e
2.42x

 0.86 0.83 

ρw (865) / ρw (482) ρw (655) / ρw (865) y = 128.66x – 68.92 y = 0.02e
2.53x

 0.88 0.75 

[ρw (865) - ρw (482)] / [ρw (865) + 

ρw (482)] 

[ρw
-1

 (482)/ ρw
-1

 (865)] y = 178.01x + 52.65 y = 11.04e
-4.53x

 0.88 0.82 

[ρw (865) - ρw (655) / ρw (655)] [ρw
-1

 (561)/ ρw
-1

 (865)] y = 80.07x + 31.17 y = 9.52e
-3.98x

 0.77 0.81 

[ρw (865) - ρw (482) / ρw (561)] [ρw (482) - ρw (865)] y = 126.27x + 62.24 y = 0.07x + 0.03 0.89 0.67 

[ρw (865) - ρw (655)] / [ρw (865) + 

ρw (655)] 

[ρw (561) - ρw (865)] y = 135.33x + 30.50 y = 0.07x + 0.01 0.78 0.65 

[ρw (865) - ρw (561)] / [ρw (865) + 

ρw (561)] 

[ρw
-1

 (482)/ ρw
-1

 (865)] × [ρw
-1

 

(561)/ ρw
-1

 (865)] 

y = 155.58x + 42.31 y = 2.10e
-2.79x

 0.86 0.80 

[ρw (865) - ρw (482) + ρw (561)] [ρw (482) / ρw (865) + ρw (561) / 

ρw (865) + ρw (655) / ρw (865)] 

y = 808.10x - 85.89 y = 0.02e
0.82x

 0.84 0.82 



Table 3 Performance of selected best fit linear chlorophyll-a concentration (CChl-a) and exponential Secchi disk depth (ZSD) regression 

algorithms with evaluated model errors. 
Parameter Band/Band ratio Best-fit model Error estimation 

SEE MAPE NSE 

CChl-a [ρw (865) - ρw (482) / ρw 

(561)] 

y = 126.27x + 62.24 0.77 5.83 0.98 

ZSD [ρw
-1

 (865)] y = 0.01e0.57x 0.11 13.93 0.77 

 

Table 4 Lake trophic state classification criteria as per (Aizaki et al., 1981; Carlson, 1977; Carlson & Simpson, 1996; Vollenweider & Kerekes, 

1982) and correspondence to the, chlorophyll-a concentration (CChl-a) and exponential Secchi disk depth (ZSD) parameters. 

Trophic state 

category 

 
Carlson, (1977); Carlson 

& Simpson, (1996) 
Aizaki et al., (1981) 

Vollenweider & 

Kerekes, (1982) 

 

Characteristics 

TSI 

Range 
CChl-a (µg/L) ZSD (m) CChl-a (µg/L) 

 

ZSD (m) 

 

CChl-a (µg/L)  

Oligotrophic 

 
<30 <2.6 >4 <1.6 >8 0.8-2.1 

Classic Oligotrophy; Clear water, oxygen through the 

year in the hypolimnion. 

Mesotrophic 30-50 2.6-6.4 4-2 1.6-10 8-2.5 2.2-6.3 

 

Deeper lakes still exhibit classical oligotrophy, but 

some shallower lakes will become anoxic in the 

hypolimnion during the summer 

Eutrophic 50-70 6.4-56 2-0.5 10-64 2.5-0.80 6.4-19.2 

 

Dominance of blue-green algae, algal scums probable, 

extensive macrophyte problems. 

Hypereutrophic 70-80 56-154 0.5-0.25 64-160 0.80-0.44 ≥ 19.3 

 

Heavy algal blooms possible throughout the summer, 

dense macrophyte beds, but extent limited by light 

penetration. Often would be classified as 

hypereutrophic 

Extremely 

hypereutrophic 
>80 >154 <0.25 >160 <0.44 - Algal scums, summer fish kills, few macrophytes. 



Table 5 The evaluation standards of the trophic state index for Freshwater Himalayan lake 

(TSIFHL), derived from chlorophyll-a concentration (CChl-a). 

 

 

 

 

 

 

 

 

 

 

Trophic state classification TSIFHL  CChl-a (µg/L) ZSD (m) 

Oligotrophic ≤42 ≤1.79 ≥0.66 

Mesotrophic 42-51 1.79-25.81 0.51-0.66 

Light Eutrophic 51-56 25.81-61.69 0.35-0.51 

Medium Eutrophic 56-61 61.69-115.51 0.18-0.35 

Hypereutrophic 61-66 115.51-207.96 0.02-0.18 

Extremely hypereutrophic ≥66 ≥207.96 ≤0.02 
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