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Abstract: Water quality of Al-Gharraf River, the largest branch of Tigris 

River south of Iraq, was evaluated using the first seven bands Landsat-8 OLI 

images acquired on 19 January 2017, 24 April 2017, 14 July 2017 and 20 

November 2017, at twenty-one measured stations along the Al-Gharraf 

River. The multiple linear regression models were developed to found the 

relationship between the water quality parameters (CHL-a, DOM, NTU, 

TSS, and TDS), as independent variables and Landsat 8 OLI spectral data 

as dependent variables. Among these models, the most appropriate models 

with highest R2 value were selected. Once the developed models applied in 

order to have maps with a variation of colors can be used to estimate the 

water quality classification at any point along the river. 
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INTRODUCTION  
In Iraq the application of remote sensing (RS) 

through water quality parameteres monitoring is still 

new. Generally the purpose of the monitoring of water 

quality parameteres in Iraq using remote sensing 

technique are because of the limit of the field cost, to 

improve the information contents, to produce the digital 

maps, and to monitoring the large scale monitoring of 

water quality that will offer the significance source of 

information . 

 

Remote sensing techniques with GIS are useful 

tool due to their ability cover large areas with high spatial 

resolution, as well as it have spatial and temporal view 

of surface water quality parameters and more effectively 

and efficiently monitor the waterbodies, and quantify 

water quality problems (Gholizadeh, et al., 2016). The 

Al-Gharraf River is of essential importance for domestic, 

agricultural and industrial uses and its water masses are 

essential to satisfy requirements of Wasit and Dhi-Qar 

provinces. However, no published work was found to 

assess water quality of the Al-Gharraf River by using Al-

Gharraf River by using remote sensing techniques and 

GIS. They study aimed is to predict the spatial 

distribution of water quality variables using satellite 

images during four seasons. remote sensing techniques 

and GIS. The study aimed is to predict the spatial 

distribution of water quality variables using satellite 

images during four seasons. 

 

MATERIALS AND METHODS 
Study Area 

The Gharraf River is one of two branches of the 

Tigris River at Kutt City, 225 km south of Baghdad City. 

After branching from the Tigris, the Gharaff flows 

southeast toward Dhi- Qar governorate. The river is 230 

km in length with a variable depth of 36 m at its 

branching point from the Tigris to 15 m at its junction 

with the Euphrates River at the marsh area near Naserya 

City. The coordinates of Gharraf River are lies between 

the north latitude (32° 27′ to 31° 2′ N) and east longitude 

(45° 45′ to 46° 4′ E). Its basin populated by more than 2 

million people using about 432000 m³/year of refined 

water and passing through an agricultural area of about 

215019 h in the south west of Iraq within the sediment 

plain (MOA and I, 1991). Figure (1): showed the map 

and the sampling stations of the study area. 
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Fig. 1: Map of Al-Gharraf River showing the stations of the case study 

 

Field Sampling and Analytical Procedures.  

The collected water samples from the 21 point 

stations within Al-Gharraf river, during 12 months from 

January 2017 to December 2017, were preserved and 

analyzed according to American Public Health 

Association (APHA, 2015). 

 

Image Processing 

The remote sensed data image which used in 

this study include four Landsat-8 OLI images (path: 167 

and row: 38) acquired on 19 January 2017, 24 April 

2017, 14 July 2017 and 20 November 2017 which was 

coincident with the timing of fieldwork data collection as 

shown in Figure (2, 3, 4, and 5) respectively. The images 

were downloaded from the United State Geological 

Survey (USGS,2017. http://glovis.usgs.gov/).  

 

For the spatial interpolation of the geometric 

correction, the image’s original digital numbers (DNs) 

were preserved by subsequently using a Bilinear 

resampling method. After geometric correction, the 

images were atmospherically corrected. The atmosphere 

may potentially affect image by absorbing, scattering, 

and refracting light (Fan, 2014). histi 

 

Atmospheric correction is carried out to 

minimize these atmospheric effects and convert digital 

numbers (DNs) to at-sensor reflectance values (Luyan et 

al., 2015). ENVI 5.1 software has been used for 

geospatial analysis and spectral image processing of 

Landsat 8 OLI data imagery. It provides a tool called 

radiometric calibration undertakes this process for many 

data products that are distributed with calibration gain 

and offset values in the metadata (Abdullah, 2015).  

 

Finally, empirical or analytical relationships 

between spectral properties and water quality parameters 

are established according to following equation: 

𝑌 = 𝐴 + 𝐵𝑋 𝑜𝑟 𝑌 = 𝐴𝐵𝑋   
 

Where: Y= is the remote sensing measurement 

(i.e., radiance, reflectance, energy), X= is the water 

quality parameter of interest (i.e., TSS, TDS, 

Chlorophyll), A and B are empirically derived factors. 

 

In empirical approaches statistical relationships 

are determined between measured spectral/thermal 

properties and measured water quality parameters. Often 

information about the spectral/optical characteristic of 

the water quality parameter is used to aid in the selection 

of best wavelength(s) or best model in this empirical 

approach (Schmugge et al., 2002). 
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Fig. 2: Displays Landsat 8 OLI image on 20 February 2017 after processing 
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Fig. 3: Displays Landsat 8 OLI image on 25 April 2017 after processing 
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Fig. 4: Displays Landsat 8 OLI image on 14 July 2017 after processing 
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Fig. 5: Displays Landsat 8 OLI image on 5 November 2017 after processing 

 

RESULTS AND DISCUSSION 
Tabular (1, 2 and 3) illustrate mean, standard 

deviation (SD), correlation coefficient (r) and values of 

the reflectance in bands 1–7 at twenty-one stations along 

of the Al-Gharraf River respectively. It is noticed that 

there is an increase in the annual mean value of band 3 at 

Al-Gharraf River station because of the increasing of 

chlorophyll in the water. Besides, the reason for 

increasing the bands 2, 4 and 5 at river station was 

increasing the turbidity and dissolved organic matter in 

the water. 

 

Table 1: Mean and standard deviation of different bands from the Al-Gharraf stations 

                  Statistic  

                    value 

Bands 

Mean Standard deviation 

B1 0.076 0.0318 

B2 0.081 0.0323 

B3 0.123 0.0338 

B4 0.119 0.050 

B5 0.091 0.0797 

B6 0.077 0.0691 

B7 0.062 0.0528 
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Table 2: Correlation coefficients for the seven bands in Iraq Landsat 8 OLI image at the Al-Gharraf stations 

Correlation Band1 Band2 Band3 Band4 Band5 Band6 Band7 

Band 1 1.000 0.992** 0.956** 0.941** 0.911** 0.865** 0.877** 

Band 2 0.992** 1.000 0.975** 0.954** 0.904** 0.889** 0.903** 

Band 3 0.956** 0.975** 1.000 0.981** 0.905** 0.921** 0.927** 

Band 4 0.941** 0.954** 0.981** 1.000 0.915** 0.893** 0.897** 

Band 5 0.911** 0.904** 0.905** 0.915** 1.000 0.938** 0.933** 

Band 6 0.865** 0.889** 0.921** 0.893** 0.938** 1.000 0.996** 

Band 7 0.877** 0.903** 0.927** 0.897** 0.933** 0.996** 1.000 

 

Table 3: Satellite image reflectance values in bands 1-7 at twenty-one stations 
ID                     Bands 

  

Stations 

Band1 

0.43 - 0.45 

(μm) 

Band2 

0.45 - 0.52 

(μm) 

Band3 

0.53 - 0.59 

(μm) 

Band4 

0.64 - 0.67 

(μm) 

Band5 

0.76 - 0.90 

(μm) 

Band6 

1.57 -1.65 

(μm) 

Band7 

2.11-2.29 

(μm) 

S1 Ent. Kut 0.071 0.075 0.110 0.099 0.049 0.045 0.038 

S2 End Kut 0.073 0.077 0.116 0.107 0.055 0.049 0.039 

S3 Ent. Al-Muwaffaqiyah 0.068 0.072 0.111 0.103 0.059 0.054 0.043 

S4 End Al-Muwaffaqiyah 0.070 0.074 0.115 0.108 0.067 0.055 0.045 

S5 Ent. Al-Hayy 0.071 0.076 0.117 0.109 0.058 0.053 0.043 

S6 Mid Al-Hayy 0.067 0.072 0.115 0.108 0.061 0.052 0.042 

S7 End Al-Hayy 0.082 0.086 0.129 0.139 0.175 0.148 0.112 

S8 Ent. Al-Fajr 0.076 0.079 0.120 0.114 0.086 0.074 0.058 

S9 End Al-Fajr 0.073 0.077 0.118 0.113 0.078 0.066 0.050 

S10 Ent. Qalat Sukar 0.093 0.098 0.131 0.129 0.097 0.068 0.062 

S11 End Qalat Sukar 0.077 0.083 0.128 0.124 0.075 0.066 0.054 

S12 Ent.Al-Rifai 0.085 0.096 0.142 0.139 0.114 0.139 0.114 

S13 End Al-Rifai 0.079 0.085 0.129 0.124 0.083 0.068 0.053 

S14 Ent. Al-Neser 0.081 0.086 0.131 0.133 0.119 0.095 0.076 

S15 End Al-Neser 0.084 0.085 0.130 0.133 0.165 0.116 0.089 

S16 Ent. Al-Shatrah 0.072 0.076 0.117 0.109 0.074 0.070 0.056 

S17 Mid Al-Shatrah 0.083 0.086 0.131 0.129 0.120 0.090 0.071 

S18 End Al-Shatrah 0.072 0.078 0.119 0.116 0.078 0.061 0.047 

S19 Ent. Al-Gharraf 0.085 0.089 0.132 0.133 0.136 0.115 0.089 

S20 Mid Al-Gharraf 0.073 0.077 0.121 0.117 0.088 0.071 0.057 

S21 End Al-Gharraf 0.068 0.073 0.115 0.113 0.077 0.067 0.055 

 

One other side, most of the studies prove that 

there are three important optical properties used for 

monitoring water quality such as concentration of the 

chlorophyll (CHL-a), total suspended matter (TSM) and 

color dissolved organic matter (DOM). In ocean, lake 

and river water, the major constituents are the CHL-a, 

TSM, DOM and the water itself causing absorption and 

scattering of light.  

 

However, most chemicals and pathogens do not 

directly affect or change the spectral or thermal 

properties of surface waters so they can only be inferred 

indirectly from measurements of other water quality 

parameters affected by these chemicals (Lim and Choi, 

2015).  

 

Furthermore, the multiple linear regression 

models were developed to found the relationship 

between the water quality parameters (CHL-a, DOM, 

NTU, TSS, and TDS), as independent variables and 

Landsat 8 OLI spectral data as dependent variables. 

Among these models, the most appropriate models with 

highest R2 value were selected. The R2 value for some 

water quality parameters models were decreased due to 

decreasing the reflectance of Landsat 8 OLI that captured 

during study period and seasonal changes of water 

quality parameters of Al-Gharraf River.  

 

Also, the reduction of reflectance is due to the 

light penetration from water surface, intensity of 

incipient of light, angle of ray incidence and scattering 

and absorption light within the water. In the study area 

all the water quality parameters showed a wide variation 

in space and time along Al-Gharraf River. Temporal 

variations were due to seasonal influences mainly, the 

effect of rainfall. 

 

Table 4 display the R2 value and coefficients 

values of regression equations for each water quality 

parameter. As well as, correlation coefficient of seasonal 

the Landsat reflectance data and most important optical 

properties used for monitoring water quality as presented 

in Table 5. 
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Table 4: Landsat reflectance data correlation and water quality parameters during study period 2016-2017 

                   Reflectance 

Parameter 

Winter (19 January, 2017) 

Band1 Band2 Band3 Band4 Band5 Band6 Band7 

CHL-a mg/l  -0.32 NS 0.85 ** 0.33 NS 0.30 NS 0.26 NS 0.28 NS 0.27 NS 

DOM mg/l  -0.29 NS -0.25 NS 0.42 * 0.27 NS 0.19 NS 0.21 NS 0.21 NS 

Turbidity NTU  -0.49 * -0.37 * 0.31 NS 0.10 NS 0.03 NS 0.05 NS 0.05 NS 

TSS mg/l  -0.33 NS -0.21 NS 0.36 * 0.35 * 0.30 NS 0.32 NS 0.33 NS 

TDS mg/l  -0.44 * -0.31 NS 0.31 NS 0.13 NS 0.01 NS 0.04 NS 0.06 NS 

Spring (24 April, 2017) 

CHL-a mg/l  0.28 NS 0.31 NS 0.72 ** 0.71* 0.76 ** 0.34 NS 0.31 NS 

DOM mg/l  0.23 NS 0.40 * 0.33 NS  0.48 * 0.35 * 0.29 NS 0.33 NS 

Turbidity NTU  0.30 NS 0.28 NS 0.34 NS 0.36 * 0.40 * 0.35 * 0.31 NS 

TSS mg/l  0.33 NS 0.30 NS 0.34 NS 0.39 * 0.43 * 0.40 * 0.32 NS 

TDS mg/l  0.31 NS 0.32 NS 0.38 * 0.40 * 0.46 * 0.39 * 0.33 NS  

Summer (14 July, 2017) 

CHL-a mg/l  0.03 NS 0.03 NS 0.11 NS 0.22 NS 0.33 NS 0.07 NS 0.06 NS 

DOM mg/l  -0.002 NS 0.01 NS 0.08 NS 0.21 NS 0.23 NS 0.02 NS 0.01 NS 

Turbidity NTU  0.05 NS 0.07 NS 0.12 NS 0.23 NS 0.22 NS 0.01 NS 0.01 NS 

TSS mg/l  0.01 NS 0.05 NS 0.16 NS 0.24 NS 0.27 NS 0.08 NS 0.06 NS 

TDS mg/l  -0.12 NS -0.07 NS 0.05 NS 0.08 NS 0.12 NS 0.01 NS -0.01 NS 

Autumn (18 October, 2017) 

CHL-a mg/l  0.23 NS 0.19 NS 0.40 * 0.32 NS 0.22 NS 0.08 NS 0.06 NS 

DOM mg/l  0.30 NS 0.28 NS 0.44 * 0.40 * 0.19 NS 0.07 NS 0.06 NS 

Turbidity NTU  0.32 NS 0.31 NS 0.47 * 0.35 * 0.10 NS -0.01 NS -0.02 NS 

TSS mg/l  0.15 NS 0.17 NS 0.36 * 0.21 NS 0.03 NS -0.09 NS -0.09 NS 

TDS mg/l  0.22 NS 0.21 NS 0.35 * 0.23 NS 0.05 NS -0.06 NS -0.07 NS 

Significant correlation at P <0.01, Significant correlation at P <0.05, NS= Non-significant correlation. 

 

Table 5: Accepted regression models of water quality parameters of Al-Gharraf River stations on the reflectance 

values at Bands 1, ...,7 

Water quality parameter  Regression model* R2 

Chlorophyll-a (CHL-a) CHL-a= 0.102 + 0.0073Band4 0.109 

CHL-a= 0.065 + 0.011Band5 0.099 

CHL-a= 0.112 + 0.0045Band3 0.091 

CHL-a= 0.067 + 0.0038Band1 0.075 

CHL-a= 0.072 + 0.0037Band2 0.069 

Dissolving Organic Matter (MOD) DOM= 0.073 + 0.0034Band5 0.094 

DOM= 0.101 + 0.0034Band4 0.021 

DOM= 0.115 + 0.0014Band3 0.0079 

Turbidity (NTU) NTU= 0.105 – 0.00046Band2 0.165 

NTU= 0.144 – 0.00041Band3 0.115 

NTU= 0.149 – 0.00056Band4 0.101 

NTU= 0.137 – 0.00087Band5 0.094 

Total Suspended Solid (TSS) 

 

TSS= 0.125 – 0.00060Band2 0.306 

TSS= 0.163 – 0.00056Band3 0.243 

TSS= 0.177 – 0.00079Band4 0.222 

TSS= 0.157 – 0.00110Band7 0.221 

TSS= 0.176 – 0.00116Band5 0.185 

Total Dissolved Solid (TDS) TDS= 0.131 – 0.000066Band6 0.221 

TDS= 0.164 – 0.000055Band4 0.182 

TDS= 0.108 – 0.000034Band2 0.165 

TDS= 0.151 – 0.000035Band3 0.164 

TDS= 0.155 – 0.000078Band5 0.144 

* Selected models have the highest R2 

 

Chlorophyll-a (CHL-a).  

Chlorophyll-a is green pigment found in all 

photosynthetic organisms such as plants, algae, and 

cyanobacteria. CHL-a is key indicator of the 

eutrophication because it acts as a link between nutrient 

concentration (nitrogen and phosphorus) and algal 
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growth. Moreover, it is one of the photosynthetic agents, 

contributing to the colour of the water (Liu, et al., 2010). 

 

In this study remote sensing results 

demonstrated that band 2 is highly significantly 

correlated with CHL-a in winter (January), with a highest 

R2 value of 0.069, as given in Table (4 and 5). Whereas, 

band 3 (green region) most likely significantly correlated 

with CHL-a in spring (April), and autumn (October) with 

a highest R2 value of 0.091. However, band 5 (NIR 

region) highly significantly correlated with CHL-a in 

spring (April), with highest R2 value of 0.099. 

 

Gitelson et al., (2008), refer that CHL-a mainly 

reflecting at the spectral wavelength around 550 nm 

(green region) and 700 nm (NIR boundary region) as a 

result of strong absorption by CHL-a at the wavelength 

of approximately 450-475 nm in the blue region and at 

near 670 nm in the red region. The reflectance peak near 

700 nm and its ratio to the reflectance at 670 nm could 

be used to accurately measure the CHL-a concentration 

in turbid waters.  

 

Han and Jordan (2005), carry out study on the 

behavior of the reflectance peak near 700 nm and 

concluded that the 700 nm reflectance peak was 

important for the remote sensing of inland and coastal 

waters, especially for measuring chlorophyll 

concentration. Furthermore, most researchers have 

concluded that increasing CHL-a concentration causes a 

decrease in the spectral response at short wavelengths, 

especially in the blue band as shown in Figure (5). 

 

 
Fig. 5: The relationship between reflectance and wavelength as affected by the concentration of chlorophyll-a 

 

One ther side, the seasonal changes of the 

Landsat 8 OLI imageries provides that CHL-a 

concentrations are higher value at Midle Al-Shatrah 

station in spring (March to April), Summer (August) and 

autumn (October to November), whereas lower value at 

the Entrance Kut station in most of months as displayed 

in Figure (6). The highest CHL-a values in April and 

October would be related to phytoplankton blooms, this 

indicates the high of eutrophication phenomenon in the 

Al-Gharraf River during the investigated period. This 

work findings are coincided with other results of backed 

by Alparslan et al., (2007), Ahmed and Al-Khafaji 

(2013), Blondeau, et al., (2014), and Kim et al., (2017). 
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Fig. 6: Map of chlorophyll-a map 

 

Dissolved Organic Matter (DOM).  

The terms of the DOM reffer to all soluble 

organic matter those contribute significantly to the 

absorption light at certain wavelengths, also called 

colored dissolved organic matter (CDOM), aquatic 

humus, and gelbstoff or yellow matter, consists of 

naturally occurring, water-soluble, biogenic, 

heterogeneous organic substances that are yellow to 

brown in color, which exist in both fresh and saline 

waters. These compounds are brown and can color the 

water yellowish brown in high concentrations (Abu 

Daya, 2004). 

 

The statistical analysis indicate that the band 3 

(green region) is highly significantly correlated with 

DOM in winter (January) and autumn (October) with a 

highest R2 value of 0.0079, as presented in Table (4 and 

5). On other hand, band 2 (blue region), and band 4 (red 

region) significantly correlated with DOM in spring 

(April), with a highest R2 value of 0.021. Band 5 (NIR) 

significantly correlated with DOM in spring (April), with 

highest R2 value of 0.094. And band 3 significantly 

correlated with DOM in autumn (October). 

 

Bukata et al., (1995), mention that DOM does 

not significantly affect the scattering within the water 

colum, DOM absorbs light in both ultraviolet and visible 

range and affects the volume reflectance spectrum but 

almost exclusively at the shorter wavelengths. 

 

Miller et al., (2002), indicate that the increase 

in the DOM concentration mainly affects the reflectance 

values in the blue and green region of the spectrum 

(especially below 500 nm) and its absorbance increases 

exponentially with decreasing wavelength. This effect 

can complicate the use of CHL-a retrieval algorithms and 

phytoplankton production models that are based on 

remotely sensed ocean color.  
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The Landsat 8 OLI derived DOM images show 

that DOM is lower value in the stations of the Wasite 

Governorate except Mid Al-Hayy station during winter 

(February) and spring (March and May). While DOM is 

higher value in the stations of the Dhi-Qar Governorate, 

during summer (June and July) and autumn (November) 

as presented in Figure (7). The highest content of DOM 

were in warm season that might be because of the rise of 

temperature and increasing active of microorganisms 

which decomposes the dead parts from plants and 

animals, whereas the lowest content were in the cool 

season when the temperature is low and the active of 

decomposers is declined (Bass and Potts, 2001). 

 

Ritchie et al., (2003), and Mannino et al., 

(2008), point out that remote sensing of DOM is 

important in studying aquatic environment and carbon 

dynamics, therefore, data of remote sensing provides an 

efficient method to estimate DOM concentration within 

a large spatial and temporal scale.  

 

Moreover, no studies has been done on remote 

sensing technique related to Al-Gharraf River, but this 

the study supported by several researchers which used 

remote sensing technique for assessing the water quality 

like studies of Shen et al., (1998), on Changjiang River 

in USA, Maillard and Pinheiro (2008), on Velhas River 

in Brazil, and El-Zeiny and El-Kafrawy (2017) on 

Burullus Lake in Egypt. 

 

 
Fig. 7: Map of Dissolved Organic Matter 

 

Turbidity (NTU) 

Turbidity defined as an expression of the optical 

property of a medium which causes light to be scattered 

and absorbed rather than transmitted in straight lines 

through the sample and it is an important water quality 

variable (Lawler et al., 2006). 
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The obtained results showed that band 5 (NIR 

region) is highly significantly correlated with turbidity in 

spring (April), with a highest R2 value of 0.094, as shown 

in Table (4 and 5). while, band 3 (green region) most 

likely significantly correlated with turbidity in autumn 

(October), with a highest R2 value of 0.115. Band 4 (red 

region) significantly correlated with CHL-a autumn 

(October), with highest R2 value of 0.101. 

 

Figure (8), describe seasonal variation of the 

Landsat 8 OLI imageries provides that turbidity (NTU) 

concentrations are higher value at Midle Al-Shatrah 

station in winter (February), and autumn (October to 

November), whereas lower value at the Entrance Kut 

station in most of months. The highest turbidity values in 

February, October, and November would be related to 

soil erosion in the nearby catchment and massive 

contribution of suspended solids from watewater. 

Surface runoffs and domestic wastes mainly contribute 

to the increased turbidity (Gangwara et al., 2012). 

 

Many researcher refer that an increase of 

turbidity in waterbodies causes the peak of visible 

reflectance to shift from the green region (clearer water) 

toward the red region of the spectrum. Also found that 

the first four bands of Landsat are well correlated with 

total suspended matter (Brezonik et al., 2005 and Akbar, 

2010). 

 

 
Fig. 8: Map of turbidity 
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Total Suspended Soiled (TSS) 

Total Suspended Solid remaining on the filter 

paper after filtration which including clay, silt, sand, 

mineral particles; phytoplankton, heterotrophic 

plankton, and particulate organic detritus. It absorbs heat 

from sunlight and increases water temperature. 

Therefore, phytoplankton and the heterotrophic 

community it supports contribute to what is measured by 

TSS. In particular, a reduction in chlorophyll-a will be 

accompanied by a proportional reduction in TSS due to 

the dry weight component of phytoplankton (Myint and 

Walker, 2002) 

 

Current statisticall analysis results revealed that 

band 3 (green region) and band 4 (red region) is highly 

significantly correlated with TSS in winter (January), 

with a highest R2 value of 0.243, as presented in Table (4 

and 5). On other hand band 5 (NIR region) most likely 

significantly correlated with TSS in spring (April), with 

a highest R2 value of 0.185. 

 

Lim and Choi (2015), by in situ studies showed 

that suspended solids was correlated with Bands 2–5 of 

Landsat 8 OLI, and constructed 3 multiple regression 

models through single bands of OLI. However, most 

researchers have concluded that surface suspended 

sediments can be mapped and monitored in large water 

bodies using sensors available on current satellites. 

 

Ritchie et al. (1990), using in situ studies,refer 

that suspended sediments increase the radiance emergent 

from surface waters in the NIR proportion of the 

electromagnetic spectrum. As well as, concluded that 

wavelengths between 700 and 800 nm were most useful 

for determining suspended sediments in surface water, as 

shown in Figure (9). 

 

 
Fig. 9: The relationship between reflectance and wavelength as affected by the concentration of suspended 

sediments 

 

On other side, general spatial distributions of 

the Landsat 8 OLI imageries derived seasonally TSS 

reveal that maximum value of TSS along the Al-Gharraf 

River (especially, Mid Al-Hayy, End Qalat Suker, End 

Naser, Mid Al-Shatrah and Mid Al-Gharraf stations) and 

minimum value in other stations of Al-Gharraf River, as 

depicted in Figure (10). The TSS values are highest in 

autumn (November) and lowest in summer months (June 

to August) in all sites.  

 

These results didn't correspond with those of 

Richards (1999), Doxaran et al., (2002), Martinez et al., 

(2007), Nechad et al., (2010), Lee et al., (2013) and 

Thakur et al., (2017). 
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Fig. 10: Map of total suspended solid 

 

Total Dissolved Soiled (TDS) 

TDS is the term used to describe the inorganic 

salts and small amounts of organic matter present in 

solution in water. The concentration of TDS in natural 

waters are determined by the geology of the discharge, 

atmospheric precipitation and the water balance (Zipper 

and Berenzweig, 2007).  

 

Present study findings showed that band 5 (NIR 

region) is most highly significantly correlated with TDS 

in spring (April), with a highest R2 value of 0.144, as 

indicate in Table (4 and 5). Whereas, band 3 (green 

region) likely significantly correlated with TDS in 

autumn (October), with a highest R2 value of 0.164. 

 

Data of the Landsat 8 OLI derived TDS images 

demonstrated that TDS is lower value in the first eight 

stations of the Al-Gharraf River (from Entrance Kut to 

Entrance Fajer), except Mid Al-Hayy station during 

summer (June to August). While TDS is higher value in 

last ten stations of the Dhi-Qar Governorate, during 

winter (December to February) and autumn (Sptember to 

November) as shown as Figure (11). 

 



 
 

 

 

 
 

Wisam Thamer Al-Mayah & Wisam Basim Al-Tmemy; Middle East Res J Biological Sci, Jul-Aug, 2024; 4(4): 96-112 

© 2024 Middle East Research Journal of Biological Sciences | Published by Kuwait Scholars Publisher, Kuwait  110 
 

 

 

 

 
 

 
Fig. 11: Map of total dissolved solid 

 

CONCLUSION 
The current study has proven the remotely 

sensed image and GIS tool can be used to maps the 

spatial distribution of CHL-a, DOM and TSS, with 

sufficient accuracy for reflectance of Landsat 8 OLI 

bands at twenty-one stations along the Al-Gharraf River. 

We suggested to analyze the relationship between water 

quality parameters and other high resolution satellites 

images such as IKONOS, MODIS, and SPOT then 

compare them with the results that was taken from 

LANDSAT 8 OLI image. 
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