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Abstract

This article contrasts situ measurements with data from remote sensing (RS) and geographic
information systems (GIS) used to monitor the water quality parameters of the Tigris River in Wasit
Governorate, Iraq. RS and GIS are essential for measuring and monitoring water quality parameters.
The study examines seasonal differences between winter and spring in water quality parameters like
temperature, pH, electrical conductivity (EC), dissolved oxygen (DO), BODs, total dissolved solids
(TDS), total suspended solids (TSS), turbidity, total hardness (T.H), nitrate, phosphate, total organic
matter (TOM), and chlorophyll-a. Station 12 had the highest mean water turbidity value in spring,
exceeding the WHO critical limit. Chlorophyll-a concentrations varied, with the lowest mean value in
winter and the highest in spring. The study used Landsat-9 data and Multiple Linear Regression (MLR)
to predict certain water quality parameters, showing a strong correlation between Landsat-9 spectral
reflectance data and selected parameters like turbidity, TOM, TDS, TSS, and chlorophyll-a. Landsat-9
spectral sensors can detect changes in water quality based on spectral reflectance characteristics. For
turbidity, a significant correlation was observed with (SWIR1.9, MNDWI, NDMI, Cro/Bro, Bro/GL9,
and Rro/BLo) in winter and (NDMI, Cro/BLo, CLo/GLo, and BLo/CLo) In spring, achieving an R? value of
96% in winter and 53% in spring. For TDS, TSS, TOM, and chlorophyll-a, high R? values were also
achieved in both seasons, with R? values ranging from 63% to 97% across different variables and

parameters.
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L. Introduction climate change[1, 2]. Freshwater resources are

then in the form of rivers or lakes, wetlands or

The problem of water scarcity has recently swamps, reservoirs, water from premeditated
received wide attention due to harmful human wells, or artesian water [3]. Iraqi rivers face
activities and the unexpected consequences of many difficulties in water quality. Rainfall
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levels are declining due to climate change,
which affects water temperatures. Other factors,
such as dams and irrigation operations, can be
controlled[4]. Still, most of these impacts are
associated with the activities of other nations,
including Turkey and Iran. Hence, actions taken
in various countries are central to determining
water quality in Iraqi rivers 5]. Water quality
parameters refer to the specific attributes of
water that distinguish its thermal, chemical,
physical, and biological aspects [6]. Water
quality monitoring should be used to direct
conservation efforts and enhance environmental
quality to ascertain the state of aquatic systems
in rivers and lakes [7]. Traditional river and lake
water study methods have become expensive

compared to the environmental data obtained
[8].

The water quality is determined by taking
samples from the site and testing them in the
laboratory. Based on these findings, the study
compares the results of this analysis with those
of modern sensing technology to establish a
relationship with water quality status [9]. Even
if the data collected is accurate for a specific
time in a particular area, it cannot be used to
evaluate other places and times. For this reason,
remote sensing and GIS are critical in
thoroughly studying, examining, and assessing
the water quality status[10]. As an example of
remote sensing and GIS applications, satellite

imagery has always stipulated the significance

of water and its monitoring and management.

108

The techniques of satellite remote sensing have
been created for water quality and are
commonly used in many water resource control
tasks. Remote sensing is cheaper when
compared to many field methods and has high
spatial and temporal density over large areas
[11]. Water quality attributes that may be sensed
remotely  include  chlorophyll-a,  water
temperature, turbidity, TOM, and suspended
sediment[12, 13]. Some common uses of the
GIS include using distances and locations,
quantities and densities, and changes in the
system to enhance decision-making processes

[14].

2. Materials and Method

2.1. Study site

The Tigris River passes through Wasit
Governorate in Iraq, and its length in this
governorate is about 136 kilometers. Wasit
Governorate is located in central Iraq. It is
bordered to the north by Diyala Governorate, to
the northwest by the capital of Iraq (Baghdad),
to the west by Babil Governorate, to the south
by Al-Qadisiyah Governorate, to the southeast
by Maysan Governorate, and to the east by the
international border with Iran. The Tigris River
is approximately 18 m above sea level in Wasit
Governorate. The terrain is characterized by a
flood plain, lowlands, water bodies and ponds,
agriculture and irrigation. Water samples were
collected from 12 stations over several months

within the winter (4 December, 6 January, and 8
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February) and spring (3 March, 4 April, and 14
May) of 2024 along the Tigris River Wasit
Governorate Table 1. An image of the Tigris
River and study station located at Wasit
Governorate was captured by a Landsat-9
satellite, and the image enhancement was done
using band 7, band 5 and band 1 to get the

composite images as illustrated in Fig. 1[16].

Table 1. Geographic coordinates of the water

sampling stations using GPS (Garmin 72H).

Coordinates
Station

Latitude (N) Longitude (E)
Stl 32°57'56.38"N 44°45'30.94"E
St2 32°55'30.42"N 44°48'26.63"E
St3 32°54'10.15"N 45°321.02"E
St4 32°52'34.77"N 45° 4'36.86"E
St5 32°4921.65"N 45°2'58.77"E
St6 32°45'56.39"N 45°10'30.10"E
St7 32°34'55.46"N 45°24'55.74"E
St8 32°35'9.11"N 45°31'49.95"E
St9 32°32'44.10"N 45°42'6.89"E
St10 32°31'54.61"N 45°52'29.40"E
Stl1 32°39'19.90"N 46° 7'57.48"E
St12 32°3321.91"N 46°17'49.51"E

B vios River
E Landsat Scene
RGB
Bl R=s Bana_7
B Green Band_s
B Gie Band 1
as

cooe

Fig.1. The Tigris River and stations in the
study site.
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2.2. Procedures of Sampling

Specimens were collected from the
immediate vicinity of the water's surface (0.5 m)
in order to analyze the particular parameters:
Conductivity (EC), TSS, pH,
Temperature, Total Organic Matter (TOM),
Dissolved Oxygen (DO), BODS5, Turbidity,
TDS, Nitrate, Phosphate, Total Hardness (T.H),

and Chlorophyll-a.

Electrical

These parameters are

collected simultaneously when a Landsat
satellite image of the study area is taken. In the
field, TDS, EC, temperature, and pH
measurements were made with a portable
Multimeter MARTINI Model
(Mil180 Bench Meter) and Multi-Parameter

Meter Model (PH-2603). Tests were conducted

instruments

following the unified standards set by the World
[17].
measured using a HACH.2100N turbidimeter.

Health Organization Turbidity was
Additionally, a German-made Torch device was
utilized to measure chlorophyll-a concentration

for the study.
2.3. Remote sensing measurements

The study used remote sensing data from
Landsat-9 (L1TP), which consists of two scene
paths (167,168) and rows (38,37) . Tow images
were acquired on 6 /January 2024 and 4 / April
2024.

The study area images were acquired from the
United States Geological Survey (USGS),
which provides free satellite data and imagery

access through an Internet-based search and
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sorting facility. The software for digitally
manipulating Landsat-9 images is ArcGIS 10.8
and ENVI 5.3. The study area consists of two
scenes, so the mosaic of the image was created
before processing and analysis were carried out.
This research used the World Geodetic System
1984 (WGS 84) projection.

We selected 24 Ground Control Points
(GCPs) from the images and adjusted them to
align with the Universal Transverse Mercator
(UTM) system. Previous studies have shown
that the geometric correction process requires 24
ground control points sufficient for the
geometric correction of images. Using the
nearest neighbour approach, the original images'
(DNs)

preserved.[19].Since the atmosphere can affect

digital  numbers values  were
images by absorbing, scattering and refraction
light, samples were collected on days when
there was no atmospheric influence, such as
clouds, 1i.e., clear weather. Atmospheric
correction uses top-of-atmosphere reflectance
values (TOA) to alleviate the impact of the
atmosphere and transform DNs into at-sensor
reflectance values [20]. Sensor reflectance
values were obtained by converting digital
numbers (DNs) using ENVI 5.3 image
processing software. The range of top-of-
atmosphere reflectance values is between 0 and
1. This option is applicable when the image
includes offsets, sun elevation, and solar
irradiance. The program ENVI5.3 extracts these

values from the metadata of the list of sensors.
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The following formula was utilized to calculate
reflectance (Py) [12, 19, 21].

1L, d?
P)\ = —A -
ESUN, sin®

(1)

Where: - L, = Radiance amount W/(m?.sr.pum).

d= Distance between Earth and Sun
(Astronomical Unit). ESUN;= Solar irradiance
W/(m?um). 6= Sun altitude in degrees. The
reflectance offsets and gains of Landsat-9 data
have been adjusted according to the sun
elevation sine. Next, the calculation of
brightness temperature is performed using only
thermal images from Landsat-9, TIRS-1, and
TIRS-2, as they are compatible with this option.
Using the Planck equation, we can calculate the
brightness temperatures in degrees Celsius by
reversing the process and converting the spectral

irradiance to the surface temperature [12].
__ U
1n(%+ 1

—273.15

2)

Where: - U; and U = constants of calibration in
kelvin. Moreover, 9 indices are created for
vegetation and water ((MNDWI), (DVI),
(NDMI), (AWEI), (NDVI), (RVI), (IPVI),
(WRI), and (NDWTI)). The use of band ratios in
this study is aimed at lessening the effect of
terrain  and increasing the number of
independent variables in the models. Extending
band combinations enhances the differentiation
of the spectra between the bands, hence
mastering their effects. Band combinations in
remote sensing are utilized to improve the

differentiation of features, optimize information
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extraction, observe specific processes, highlight
temporal dynamics, adapt data for particular
sensors, and effectively reduce noise without
interfering with target features. Merging one
spectral band with another yields a picture with
proportional band intensities. Spectral indices
are mathematical formulas integrating surface
reflectance data at two or more specified
to assess several

wavelengths significant

properties. Spectral indices enhance the
accuracy of water quality assessments and

prediction models Table 2.

Table 2. Spectral indicators will help improve

water quality and forecast models.

Index Formula Reference
Normalized Difference Gig - NIRy9) / (Gro+ [22]
Water Index (NDWI) NIR o)
Modification of Normalized | (Gprg- SWIRIy9)/ (Gro [22]
Difference Water Index + SWIR 1)

(MNDWI)

Normalized Difference

(NIRy - SWIR1 o) /

(23]

Moisture Index (NDMI) (NIRpy + SWIR1y9)
Automated Water Extraction 4(Gro - SWIR2,9) — [24]
Index (AWEI) (0.25 NIRy 9+ 2.75
SWIR1,o)
Water Ratio Index (WRI) (GrLo+ Ryg) / (NIR 9+ [25]
SWIR1,4)
Normalized Difference (NIRL9 - Ri) / (NIR g [26]
Vegetation Index (NDVI) +Ryo)
Ratio Vegetation Index NIRLo / R [27]
(RVI)
Infrared Personage NIR 9/ Rig + NIR9 [28]
Vegetation Index (IPV)
Different vegetation index NIR - Ry9 [29]
DVI

2.4. Analysis of statistical

SPSS version 25 was

used to conduct

statistical analysis to determine the associations
between OLI-2 band reflectance data from
sample sites and water parameters (TOM, TSS,
chlorophyll-a, TDS, and turbidity) throughout
the winter and spring of 2024. The relationship

between Landsat-9 OLI-2 image and parameters
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of water quality was determined using MLR
data and Pearson correlation. A Pearson matrix
was created to assess the degree of association
between the band reflectance values used in this
study and water parameters such as TSS, TDS,
turbidity, TOM, and chlorophyll-a. Depending
on the water quality parameters, the strength of
the association varied between bands. The
regression model employed is Multiple Linear
Regression (MLR), whereby one variable of
interest (dependent variable) is predicted by a
large number of different predictor variables
(independent variables). MLR allows us to
determine the relationship between spectral
reflectance in several spectral bands and
different water quality parameters and thus
predict water quality variables. Every spectral
band may contain useful data for determining
different parameters of water, thus improving
accuracy compared to using only one spectral
band. Eq. (3) demonstrates the general form of
the MLR Model [19], and the root mean square
(RMSE) and (S.E)
equations are represented by Eq. 4 and 5. Fig.2

error standard error

depicts the flowchart of this study.

Yi == PO + P1X1 + P2X2 + -+ Pan (3)

Where: - Yi= dependent variable (water quality

parameters). Po, Pi, Pa..., Pn= coefficients of

regression (R?). Xi, Xz..., Xn = independent

variables (spectral reflectance data).

S.D
SE= 7= (4)
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Where: - S. D= Standard Deviation. N= number

of points in the data set.

YL (yi—9)?
n

RMSE = (5)

Where: - yi= actual observed values. §; = the

predicted value.

Figure.2. The flowchart of this study.

3. Results and discussion

3.1. Stations Measurements

The biological, physical, and chemical
properties of the Tigris River in Wasit are shown
in Table 3. In this investigation, station 11
recorded the lowest water temperature
(9.91+1.72°C) in the winter, whereas Station 12
recorded the highest mean value (15.8 + 2.4°C)
during the spring season. The water pH at all
research locations showed a narrow variance,
ranging from (7.37 to 7.98). Water samples'
electrical conductivity (EC) varied depending
on the research site (it was as high as (1149.67+

13.01 ps/cm) at station 12 in the spring and as
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low as (913.67 £ 66.6 us/cm) at station 1 in the
winter). Notably, the TDS levels fluctuated at all
stations during the research period. The levels
ranged from (600 + 26.45 mg/l) at _station 1 to
(743 £ 54.14 mg/l) at station 12. TDS showed
higher. values in spring, possibly due to the
increased solubility of ions at higher
temperatures. TDS and conductivity have a
significant association and are frequently
associated with inorganic salts [20,22].
According to the current study, station 12
recorded the highest mean water turbidity value
(59.15 £ 18.0 NTU) in the spring, while station
2 recorded the lowest mean value (49.04 + 3.24
NTU) in the winter. We observed that the
turbidity number exceeded the WHO critical
limit, which should be less than 5 NTU. This is
due to agricultural activity, increased winter
rainfall, and snowmelt in spring, causing soil
erosion that flows into the Tigris River. The
turbidity of the Tigris River water fluctuates due
to seasonal climate

changes, variations,

agricultural  activities, construction and
development, sewage and industrial drainage,
and water management and dams [7]. In winter,
station 3 had the lowest mean TSS data (42.4 +
4.42 mg/l), while station 12 had the highest
mean value (76.82 + 28.20 mg/l) in spring. This
increase in spring may occur because a large
amount of water enters the river, carrying
significant quantities of clay due to erosion,
the total  solids

gradually  increasing

concentration [21].
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Table 3. The Average and standard deviation of the environmental factors for the Tigris River during the study period.

Average value +standard deviation
Seasons | Stations
Temp. °C PH EC Turbidity TDS TSS TOM T.H DO BODs Nitrate phosphate Chlorophyll-a
(us/cm) (NTU) (mg/1) (mg/1) (mg/1) (mg/1) (mg/1) (mg/1) (mg/1) (mg/1) (mg/1)

1 10.55+1.04 7.55£0.2 913.66+66.06 49.49+1.66 600+ 26.45 44.5+1.25 1.03+0.097 280+ 55.5 10.6+1.11 3.25+0.96 6.13+£0.3 0.2840.052 0.035+0.0036

2 10.74+1.22 7.73£0.16 1005.66+90.13 49.04+3.24 628.66+31.53 45.33+0.85 1.04+0.098 296.66+10 10.63£0.49 | 2.64+0.60 6.7£0.9 0.26+0.045 0.036+0.0035

3 10.26+1.35 7.59+0.53 1035.33+148.13 48.66+2.66 649.66+47.47 42.4+4.42 1.18+0.024 288+ 59.5 10.66+0.45 | 2.63+1.22 | 6.63+£0.45 0.31+0.02 0.0377+0.002
4 10.42+1.28 7.54+0.22 1010.33+99.4 51.23+1.74 635.33+28.44 42.6+2.34 1.1940.031 289.33+12.5 10.5+0.75 2.5840.75 | 7.06+0.41 | 0.34+0.030 | 0.0378+0.0018

5 10.36+1.65 7.65+0.21 1023.33+116.6 48.36+3.37 657.66+44.73 50.13+1.68 1.27+0.035 | 271.33£45.9 10.86+0.30 | 2.64+0.68 | 6.73£0.65 | 0.33+0.045 0.048+0.0042

6 10.35+1.73 7.75+0.28 1024+172.18 47.13£3.42 663+ 79.01 47.314£2.41 1.2940.051 301.66+30 10.26£0.49 | 2.9540.93 | 6.86+0.49 | 0.28+0.036 | 0.056+0.0082

Winter 7 10.11£1.77 7.96+0.14 1036+ 132.5 49.743.56 661.66+65.62 52.50+8.67 1.2740.015 285.66+47 10.5+0.96 3.0540.89 | 7.56+0.61 | 0.30+0.025 0.044+0.008
8 10.06+1.90 7.65+0.08 955.33+41.04 49.11+3.76 662+77.27 56.54+2.12 1.31+0.24 280.66+33 10.65+0.48 | 2.87+0.51 | 7.83+0.30 | 0.34+0.045 0.041+0.0017

9 10.2£1.71 7.49+0.25 993+ 93.016 50.58+2.41 674+ 53.22 48.99+2.81 1.32+0.038 298.66+54 11.51£0.26 | 3.21+0.69 | 7.93+0.45 0.28+0.01 0.042+0.0041

10 10.2741.91 | 7.37+0.098 | 1042.66+125.18 52.41+1.05 700.66+50.81 | 55.91+10.26 | 1.35+0.031 317.33+59.9 11.23£0.33 | 3.50+0.61 7.740.95 0.29+0.03 0.052+0.0076

11 9.91£1.72 7.74£0.096 | 1150.33£190.07 54.2+1.86 732.33+52.34 56.15+8.16 1.36+0.23 278.66+42.5 11.67+0.22 | 3.30+0.67 | 8.56+0.41 | 0.35+0.015 0.051+0.0018

12 10.27+1.82 7.95+0.15 1148.33+189.69 54.65+1.78 743+54.04 57.66+9.72 1.3840.015 334.66+62 11.22£0.22 | 3.56+0.72 | 7.96+0.72 0.2840.02 0.047+0.0089

1 13.96+2.4 7.67+0.19 954+ 62.98 52.51+14.09 | 622.66+32.02 | 64.966+21.2 | 1.35+0.097 258+73.91 10.89+0.67 | 2.01£0.37 | 6.22+1.23 | 0.23+0.075 0.040+0.0025

2 14.0342.55 | 7.663+0.11 980.33+48.41 55.39+16.04 | 637.33£29.73 65.20+21.3 1.39+0.037 | 272.33+80.4 10.50£0.76 | 2.2+0.30 6.34+1.01 | 0.24+0.058 0.042+0.0031

3 14.242.55 7.63+0.009 1013.66+60.07 53.13£15.44 | 665.33+£37.20 67.03£22.8 1.40+0.109 274+53.56 10.32+0.67 | 2.12+£0.15 | 6.57+0.79 0.25+0.09 0.043+0.0014
4 14.2342.3 7.75+0.007 1024+41.79 54.16+15.05 | 664.66+21.54 | 63.79+17.94 | 1.42+0.153 283+66.64 10.31£0.29 | 2.27+0.12 | 6.64+£2.02 | 0.24+0.075 | 0.0439+0.0029
5 14+2.30 7.77+0.11 1044.66+46.45 55.57+15.9 677.66+34.23 | 65.76+20.14 | 1.49+0.143 | 287.33+73.5 9.90+0.24 2.2440.32 | 7.32+1.66 | 0.27+0.072 | 0.0431+0.0042
. 6 14.56+2.5 7.85+0.009 1081.66+47.42 57.1£16.5 690+32.44 68.66+23.78 | 1.56+0.180 300+73.91 9.59+0.16 2.16£0.32 | 7.24+0.72 | 0.29+0.079 | 0.0483+0.0047
Spring 7 14.442.40 7.77+£0.13 1073+35.15 57.23+16.4 677.33+17.61 | 70.03+24.75 | 1.61+0.186 306+64.5 9.77+0.4 1.86+0.10 | 6.87+0.70 | 0.25+0.056 | 0.051+0.0074
8 14.83+2.4 7.83+0.08 1083.66+47.08 56.62+17.14 | 696.33+30.43 | 72.44426.27 | 1.62+0.120 | 300.66+65.5 9.63+0.89 2.13£0.28 | 7.27+1.14 | 0.22+0.051 0.049+0.0056
9 15.06+2.45 7.83+£0.07 1072.66+31.56 54.62£17.17 | 682.66+£30.74 | 68.52+22.65 | 1.58+0.104 | 307.66+56.5 10.3840.25 | 2.2740.28 | 7.36+1.05 | 0.27+0.049 | 0.0496+0.0098

10 15.242.55 7.81+0.04 1124.33+5.50 56.91+18.43 710+21.28 71.07£23.5 | 1.66+0.121 304.66+61.6 10.16+0.61 | 2.36+0.27 | 7.04£1.08 | 0.24+0.055 0.053+0.0078
11 15.6+2.4 7.98+0.12 1128.33+8.73 57.69+17.7 725.66+12.50 73+25.26 1.6940.154 | 317.66+60.5 9.54+0.77 2.2940.40 | 7.92+0.81 | 0.27+0.056 | 0.0552+0.0075
12 15.842.36 7.92+0.05 1149.66+13.01 59.14+18 733.33+10.78 76.82+28.2 1.72+£0.089 | 318.33£66.2 9.27+0.62 2.23£0.42 | 7.47+1.12 | 0.30+0.055 | 0.0554+0.0083
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During the winter, Station 11 recorded the
highest mean value of (11.67+0.22 mg/1), while
during the spring, Station 12 recorded the lowest
mean value of (9.27+0.62 mg/l). This variation
is because gases become less soluble as water
temperature increases. Additionally, the BODs
levels varied from (2.014+0.37 mg/l) at station 1
in spring to (3.56+£0.72 mg/l) at station 12 in
winter. The

(6.13+£0.30 mg/1) at station 1 to (8.56+0.41 mg/I)

nitrate levels ranged from
at station 11, with no significant variation in the
sampling period. Reactive phosphates reached a
maximum mean value of (0.35+0.0152 mg/l) at
station 11. during winter and a minimum mean
value of (0.22+0.051 mg/1) at station 8 in spring,
as per the study findings. The results indicate
that, out of the twelve research locations, station
1 had the lowest total organic matter (TOM)
content (1.03+0.097 mg/l) in the water sample
during winter. In contrast, station 12 had the
highest mean value (1.72+0.089 mg/1) in spring.
In the spring, station 1 recorded the lowest mean
value of water Total Hardness (T.H) at (258 +
73.91 mg/l), while station 12 recorded the
highest mean value in the winter at (334.66 +
62.08 mg/l).According to the current study,
chlorophyll-a concentrations varied, with the
lowest mean value (0.035+0.0036 mg/l)
recorded at station 1 in winter and the highest
mean value (0.055+0.00754 mg/l) recorded at
station 12 in spring. With ample sunlight, high

temperatures, and nutrients, chlorophyll levels

increase during the summer [15].

3.2 Remote sensing results

3.2.1. Turbidity

Remote sensing results indicate that
(SWIR2L9, MNDWI, NDMI, Cro/Bro, BLo/GLo,
and Rio/Bro) are most likely correlated with
turbidity in winter. At the same time, in spring
(NDMI, Cro/BLro, Cro/GL9, and Bro/Cr9) show a
significant correlation with turbidity, Table 4
exhibits the correlation between each water
quality measure and the Landsat-9 reflectance

data.

Table 4. Shows the correlation between each

water the Landsat

quality measure and

reflectance data.

Water
qualit Image Date
M
variab 6 /January / 2024 (Winter) 4/ April / 2024 (Spring)
les
SWIR2s: 0.560: MNDWI: - NDMI: -0.568: Cro/Bo: -
0.104 0.543:0.088 0.208 0.530: 0.380
Tur. NDML: -0.781: Cro/Brs: -0.588:
(NTU) | 0.17 0.017 CLo/Gro: -0.511: Buo/Cuo:
BLo/Guo: -0.724: Ruo /Bro: 0.677: 0.529 0.516: 0.335
0.829 0.852
Cuy/Bu: -0.801: Bro/GLo: -0.876: NDMI: -0.845: Ruy/GLY: -
0.055 0.511 0.001 0.538: 0.034
TDS Ruo/Buo: 0.870: Ruo/NIRpo: 0.514: | NIRLo/GLY: - NIRvLo/Ruo: -
(mg/l) | 0.624 0.249 0.529: 0.040 0.608: 0.026
BLo/NIRLo+ClLo: Bro/RiotRLo: - . .
0.504: 0.202 0.875: 0.615 BLo/NIRLo+ NIRvo: 0.503: 0.016
DVI: -0.717: Bro/NIRLo+Clo: SWIR119: 0.564: NDMI: -
0.131 0.625: 0.067 0.294 0.678: 0.001
SS Bro+Cro+NIRLo: - | Ruo+Cuo: -0.501: Guo/Buo: -0.527: Ruo/NIRo:0.
0.528: 0.138 0.247 0.264 503: 0.284
(mg/l)
BLo+GrotRLotNI BLo/Ruy+Rus: - NIRLo/Rys: - E;R:;/?;;G
Ruo: -0.506: 0.079 | 0.738: 0.008 0.541: 0.047 i
0.024
DVI: -0.513: Cro/Brs: -0.849: SWIR1ys: 0.66: NDML: -0.77:
0.493 0.011 0.11 0.172
Bro/CLo: 0.845: GLY/BLo: 0.72: CrLo+NIRys: - Cro/Bo: -
TOM | 0.012 0.078 0.525: 0.128 0.669: 0.165
(mg/h Bro/GLo: -0.633 NIRLy/C
Ruo/Bo: 0.677: Buro/Rio+Rus: - 0 ;977 1or T3 0.6 43‘;’ o ;:s-
0.240 0.687: 0.242 . -
BLo/NIRLo+ NIRwo: 0.660: 0.152
Cro/Bry: -0.522: Bro/Gry: -0.528: NDMI: -0.741: Bry/Gry: -
0.278 0.316 0.001 0.666: 0.097
Gry/Cus: 0.576: Ruy/Buo: 0.625: Gro/Bo: 0.661: Ruo/NIRps:
Chl-a | 0417 0.250 0.135 0.541: 0.062
(mg/l)
. BrLo/NIRLo+
Bro/RLo+R1: -0.641: 0.228 NIRcs/Res: - NIRyo: 0.652:
0.521: 0.120 0.006
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The term turbidity describes how light in water
disperses and absorbs partly rather than travels
in upright lines. It is frequently seen as the
antithesis of clarity. Since suspended matter is

the primary source of water turbidity, fluvial

suspended sediment concentrations  are
commonly  determined using turbidity
measurement [18]. Figure 3 depicts the

distribution of turbidity during the winter and

spring seasons of 2024.

Figure. 3. Map distribution of turbidity during.
Winter and Spring.

3.2.2. Total Dissolved Solids (TDS)

According to the multiple regression model
used in this study (Cro/Bro, Bro/Gro, Rro/Bro,
Rro/NIRr9, Bro/NIRLo+Cry, and Bro/Rio+Rio)
were highly significantly correlated with TDS in
winter, while (NDMI, Rro/Gro, NIRro/Gro,
NIRLo/R19, and Bro/NIR19+NIRL9) in the spring.
Both visible and ultraviolet light get absorbed
by dissolved substances. Shorter wavelengths,
however, have the most significant impact on
the volume reflectance spectrum [17].
Furthermore, visible light is absorbed by
dissolved materials, remarkably below 500 nm,

and the absorbance of these materials rises
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exponentially with decreasing wavelength [21].
Figure 4 depicts the distribution of TDS during

the winter and spring seasons.

Figure. 4. Map distribution of TDS during.

Winter and Spring seasons.

3.2.3. Total Suspended Solids (TSS)

This study indicated that Significant

correlations were found between TSS and (DVI,

Bro/NIRL9+Cro, Bro+Cro+NIRr9, Rpo+Cro,
BrotGrotRiotNIR Lo, and BLQ/RL9+RL9) in the
winter and (SWIRlw, NDMI, Gro/Bro,

Rro/NIRL9, NIR19/Rr9, and NIR1o/Bro+Gro) In
the spring, according to the multiple linear
regression model used in this study. Similarly,
suspended matter is linked to overall primary
production and the transport of heavy metals
and micropollutants, making it crucial for

maintaining water quality. The

primary
pollutants found in surface water are suspended
materials [22]. In their 2003 study, Ritchie and
others highlighted those suspended sediments in
the visible and near-infrared regions of the
Electromagnetic Spectrum increase the radiance

of surface water Figure 5.
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Figure. 5. Map distribution of TSS during
Winter and Spring seasons.

3.2.3. Total Organic Matter (TOM)

The multiple linear regression model
employed in this study indicates a strong
correlation between (DVI, Cro/Bro, Bro/Cro,
Gro/Bry, Rio/Bro, and Bro/Rro+Ri9), and total
organic matter over the winter season. and
(SWIR1L9, NDMI, Cro+NIRry, Cro/BLo,
Bro/Gro, NIRL9/CL9, and Bro/NIRr9+ NIR19) In
spring. TOM absorbs light in the near-infrared
region of the Electromagnetic Spectrum. These
absorptions can have detectable effects on
satellite images [22]. Figure 6 depicts the
distribution of TOM during. Winter and Spring

s€asons.

Figure.6. Map distribution of TOM during

the Winter and Spring seasons.
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3.2.4. Chlorophyll-a (CHL-a)

The OLI-2 ensemble in Landsat-9
demonstrated the highest correlation with
chlorophyll-a. Bodies of water containing algae
exhibit a specific spectral curve, with significant
absorption in the red and green regions and a
peak reflectance at the boundary between the
red and near-infrared [19]. In this investigation,
the multiple linear regression model revealed
strong and statistically significant correlations
between chlorophyll-a in winter and the
variables (Cro/Bro, Bro/Gro, Gro/Cro, Riro/Bro,
and Bro/RiotRro). Similarly, in spring, the
variables (NDMI, Bro/Gr9, Gr9/Bro, RLo/NIRLo,
NIRLo/Rro, and Bro/NIRro+ NIRp9) Showed
very significant correlations with chlorophyll-a.
The elevation of reflectance at (690 nm) relative
to the baseline within the wavelength range of
(670 to 850 nm) serves as a highly responsive
indication of chlorophyll-a concentration [21].
Figure 7 depicts the distribution of chlorophyll-

a during. Winter and Spring seasons.

The most suitable regression models are
chosen based on the highest values (R?). Table
5 contains the regression equations for each
water quality metric. Our analysis revealed that
the use of spectral evidence in this study
effectively identifies water features. We
achieved this by comparing the situ data with
remote sensing data for (TOM, TSS, turbidity,
TDS, and chlorophyll-a), as presented in Table
6. Remote sensing offers a complete foretelling

of water quality to enhance our understanding of



Journal of Wasit for Sciences and Medicine 2026: 19, (3), 107-122

spatial modality and its underlying factors [23].
Consequently, differences in sampling time and
sample location precision can lead to
discrepancies between the data collected on-site
and the data obtained using remote sensing
techniques. The paradigm used to analyze the
levels of (TOM, TSS, turbidity, TDS, and
chlorophyll-a) did not show significant
differences from the values recorded in the two
study seasons. This is particularly because the
difference between the value arrived at through
remote sensing and that that is arrived at directly
through measurements is very small. This
facilitated a thorough evaluation of all study
seasons. The strong positive correlation of the
coefficient of determination values (R?), small
standard errors (S. E), and low values of RMSE
for all the models indicate a high likelihood of
all  the

highlighted in (Table 5) within the scope of this

accurately  predicting attributes
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study. The temporal variation of visual image
capture also influences the fixed difference in
the multiple linear regression equations between
the two seasons of the study. This is because we

know that the time of year affects the amount of

energy reflected by objects due to differences
in the angle of incidence of the sun’s rays. This
becomes evident when examining the numerical
values of some of the constants and elements in

the equations [12].

v e

Figure. 7. Map chlorophyll-a distribution

during the Winter and Spring seasons.
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Table 5. The regression model used in this study for each parameter.

Regression Model in Winter Regression Model in Spring
Turbidity = 373.401 — (SWIR2,,)1095.284 - (MNDWI) 97.703 - (NDMI) Turbidity = 626.157- (NDMI)22.801 — (Cp+/B19)316.150 -
45.571 - (CLo/Bry) 132.297 - (BLo/GLo) 7.883 - (RLs /BLy) 75.780 (CLo/GL9)31.332 - (BLo/CLo) 238.151
TDS =11321.356 — (Cyo/BL9) 2098.510 — (Bo/G19) 278.334 — (RLo/BLo) TDS = 4446.554 - (NDMI) 1054.949 — (RLo/G19) 2653.658 +
4300.594 + (Rpo/NIRy) 420.648 — (BLo/NIR9+C9) 3594.616 — (NIRLy/Gyo) 3519.393 - (NIRLo/Ry) 3906.246 - (BLo/NIR o+
(BLo/RigtRyy) 4747.990 NIR,) 604.669
TSS =91.566+ (DVI) 933.088 + (BLo/NIRo+Co) 362.549 + TSS =117.557- (SWIR1y,) 115.043 — (NDMI) 118.821 +
(BLot+CrLotNIRy) 113.765 - (Rpo+C19)146.483 - (BLo+G Lot Ro+NIR ) (GLo/BLo) 15.989 - (RLo/NIR)14.809 — (NIR4/Ryo) 83.435 +
38.227 - (BLo/RiotRy9) 312.449 (NIRLy/Bpo+GLo) 25.887
TOM = 444.043 + (DVI) 2.423 — (Cro/Bro) 182.053 — (BLo/Cro) 228.207 + TOM = 35.253- (SWIR1y,) 20.081- (NDMI)1.612 +
(GLy/Bro) 2.889 — (RLy/Byy) 24.741 — (BLo/RLo+R1o) 28.340 (Cro+NIRyy) 3.568 - (Cro/Bry) 9.355 - (BLo/GLy) 6.856 -
(NIRLo/C19)11.284 - (BLo/Ri9+Ry9) 6.853
Chla =5.152 + (Cpy/Brs) 0.052 + (BLo/GLo) 0.094 + (G1o/Cys) 0.094 — Chl.a=0.601 — (NDMI) 0.127 — (BLo/G19)0.549 - (GLo/BLo) 0.237
(RLo/BLo) 3.434 — (BLo/R1otRyy) 4.149 + (RLo/NIRy) 0.074 + (NIRLo/Rys) 0.158 — (BLo/NIR s+ NIRy)
0.026

Table 6. Turbidity, TDS, TSS, TOM, and chlorophyll- measured in situ and by remote sensing, along
with corresponding standard error and Multiple linear regression values.

Winter (2024)
Measured in situ Remotely sensed
Station Turbidity TDS TSS TOM CHL- a | Turbidity TDS TSS TOM CHL- a
10 NTU mg/l mg/l mg/l mg/l NTU mg/l mg/l mg/l mg/l
ST1 49.49 600 44.50 1.030 0.0356 49.54 603.14 44.44 1.032 0.0351
ST2 49.04 628.66 45.33 1.040 0.0364 49 627.44 45.51 1.048 0.0413
ST3 48.66 649.66 42.40 1.188 0.0377 49.42 654.99 43.46 1.232 0.0464
ST4 51.23 635.33 42.60 1.195 0.0378 50.69 636.81 42.38 1.181 0.0352
ST5 48.36 657.66 50.13 1.273 0.0484 48.71 638.12 50.14 1.229 0.0444
STé6 47.13 663 47.31 1.293 0.0566 47.17 666.31 50.27 1.270 0.0486
ST7 49.7 661.66 52.50 1.272 0.0446 48.82 664.26 48.35 1.292 0.0467
ST8 49.11 662 56.54 1.314 0.0414 48.99 673.73 56.48 1.303 0.0429
ST9 50.58 674 48.99 1.324 0.0421 51.25 669.69 49.64 1.346 0.0414
ST10 52.41 700.66 55.91 1.355 0.0523 52.22 713.04 55.27 1.377 0.0518
ST11 54.2 732.33 56.15 1.367 0.0514 53.86 723.83 55.97 1.334 0.0509
ST12 54.65 743 57.66 1.383 0.0475 54.87 736.55 58.05 1.374 0.0485
R? 96% 95% 92% 95% 63%
S.E 0.66 11.6 1.56 0.033 0.0015
RMSE 0.4503 8.4896 1.534 0.0245 0.0040
Spring (2024)
Measured in situ Remotely sensed
Station Turbidity TDS TSS TOM CHL- a | Turbidity TDS TSS TOM CHL- a
10 NTU mg/l mg/l mg/l mg/l NTU mg/l mg/l mg/l mg/l
ST1 52.51 622.66 64.96 135 0.0408 53.25 623.82 64.29 1.38 0.0400
ST2 55.39 637.33 65.20 1.39 0.0427 54.78 636.25 65.77 1.385 0.0436
ST3 53.13 665.33 67.03 1.40 0.0430 55.14 674.98 66.49 1.45 0.0448
ST4 54.16 664.66 63.79 1.42 0.0439 54.24 665.12 64.75 1.39 0.0442
ST5 55.57 677.66 65.76 1.49 0.0431 54.48 662.98 65.21 1.44 0.0423
STé6 57.10 690 68.66 1.56 0.0483 56.01 700.05 68.85 1.56 0.0485
ST7 57.23 677.33 70.03 1.61 0.0510 56.95 685.08 71.14 1.61 0.0512
ST8 56.62 696.33 72.44 1.62 0.0499 57.50 696.14 71.94 1.63 0.0506
ST9 54.62 682.66 68.52 1.58 0.0496 57.25 684.14 68.57 1.59 0.0498
ST10 56.91 710 71.07 1.66 0.053 56.77 702.15 70.83 1.66 0.0520
ST11 57.69 725.66 73.003 1.69 0.0552 56.20 718.51 72.53 1.68 0.0553
ST12 59.14 733.33 76.82 1.72 0.0554 57.48 733.87 76.89 1.72 0.0558
R? 53% 96% 97% 96% 97%
S.E 0.41 9.18 1.11 0.036 0.0014
RMSE 1.2957 6.9967 0.5852 0.0241 0.00077
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4. Conclusion

Regarding  water quality  parameters
monitoring in fresh-water bodies such as lakes,
rivers, and reservoirs, remote sensing and GIS
(represented by satellite images) approaches are
more practical, affordable, and effective than in
situ methods, which are limited to specific
sampling locations. Supervising water quality to
help direct conservation efforts and improve the
quality of the environment in rivers and lakes is
important in determining the state of aquatic

systems.

The biological, physical, and chemical
parameters of the Tigris River of Wasit are not
constant within the river's stretch. Station 11
recorded the lowest water temperature in winter,
while Station 12 recorded the highest mean
value in spring. The water pH varied from 7.37
to 7.98, and electrical conductivity varied
depending on the research site. TDS levels
fluctuated at all stations, with higher values in
spring due to increased solubility of ions at
higher temperatures. Station 3 had the lowest
mean TSS data in winter, while station 12 had
the highest in spring due to increased clay
concentration in river water. Station 12 recorded
the highest mean water turbidity value in spring,
exceeding the WHO critical limit. DO levels
varied between different sites and seasons, with
Station 11 having the highest mean value in
winter and Station 12 having the lowest in
spring. BODs levels varied from Station 1 to 12.

The study found no significant variation in
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nitrate levels between stations, and reactive
phosphates reached maximum and minimum
values during winter and spring, respectively.
Station 1 had the lowest TOM content in winter.
In contrast, Station 12 had the highest mean
value in spring due to increased sources of
sewage, agricultural drainage, and surface
runoff. Chlorophyll-a concentrations varied,
with the lowest mean value in winter and the

highest in spring.

Every metric related to water quality, such as
(TDS, turbidity, TSS, TOM, and chlorophyll-a),
has an estimated reflectance between (450 and
880 nm). These parameters directly affect the
reflection and absorption of light recorded by
the satellite sensor. TSS, TDS, and turbidity
reduce light reflection. Chlorophyll-a and TOM
also absorb light in specific spectral bands.
Therefore, Landsat-9 spectral sensors can detect
changes in water quality based on spectral

reflectance characteristics.

Our study revealed that all bands of Landsat-
9 OLI-2 have a significant correlation with
water quality parameter measures. The multiple
linear regression model and Pearson correlation
with band reflections, band ratio, combination
band, and spectral indices gave values close to
the in-situ results. This correlation highlights the
potential of using satellite imagery as a reliable

tool for large-scale water quality assessment.

This study shows that the general regression
model (multiple linear regression) could be used

for all parameters and in all seasons. However,



Journal of Wasit for Sciences and Medicine 2026: 19, (3), 107-122

the data collected from different stations

differed significantly, leading to different
spectral reflectance data. The existence of a
general  regression model requires a
comprehensive study of multiple indicators and
flexibility in dealing with diverse data. The
measures of water quality, which affect the
reflectance, change during the year and are not
constant throughout the season; therefore, there
is a considerable variance in data gathered from
different stations, especially during spring. This
seasonal variability makes tracking the
incidence and its distribution difficult and
indicates the need to create models that would

address the need for accurate monitoring.

In this study, we noticed that the water
quality parameters of the Tigris River in Wasit
Governorate exceed the permissible limit
(WHO and Iraqi standards) when the river is
heading south due to sewage water flowing into
the river, as well as due to agricultural
pollutants, solid pollutants, urban sources, and
erosion and sedimentation. The enhanced
degree of pollution of water resources demands
taking urgent measures for the rehabilitation and
preservation of this river and its environment

and water supply for future generations.
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