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ABSTRACT

Petroleum hydrocarbons and waste streams have polluted the environment, harmed human health, affected socio-
economic conditions, and impacted communities in oil-producing countries. The aim of the study is to identify
hotspots of contaminated water, create spatial risk maps of pollution from the petroleum industry and develop a novel
index to estimate ecosystem pollution named physico-chemical risk index (PRI). Ten sites in the Al-Gharraf oil field
were analyzed for their water quality. The highest results of the six-month sample analysis were PH (8.7), DO (11.5
mg/L), turbidity (70.3 NTU), temperature (34 C), BOD, (37.8 mg/L), COD (101 mg/L) and TSS (109 mg/L). To
achieve the above objectives, different methods and techniques were used; one of them is inverse distance weighting
(IDW) with GIS to create geographical maps of the measured parameters. The IDW method was used to accurately
map the distribution of ecosystem parameters of the oil fi eld. The PRI was performed to compare the threshold values
for pollutant elements with the contamination of the site. The threshold value for contaminated water in Garraf oil
field is 24.328 and is determined by the PRI index. The analysis is carried out at regular intervals and compared
with the threshold values. This work has created an important database for the oil industry that should be used to
monitor ecosystems.

Keywords: geographic information system (GIS), inverse distance weighting (IDW), physico-chemical risk index
(PRI); water contamination;, oil field.

INTRODUCTION natural pollution (Schweitzer and Noblet 2018). Discharges
of untreated water into rivers and urban runoffs have a
negative impact on surface water quality and harm soil,
groundwater, and the surrounding ecosystem. Understanding
these impacts, as well as the characteristics of effluents, is
essential for solving river pollution problems and
understanding the spatial and temporal evolution of water
quality. In many less developed countries, water quality
assessment and sanitation infrastructure lag behind
population and industrial growth (Ahmed et al. 2010).
Heavy metals (HM) pose a significant threat due to
their persistence and toxicity in water (Proshad et al. 2021;
Noraini Ruslan,Jannatulhawa Jasni 2021). Metals such as
iron (Fe) and copper (Cu) are essential within certain limits,
but exceeding these limits can be harmful. Other metals

The challenge of ensuring global access to clean water in
the twenty-first century is enormous. Water resources,
which are unevenly distributed across the Earth’s surface,
are deteriorating as a result of human activities (U.Farooq
et al. 2015). Despite the increasing demand for water,
efforts are being made to conserve water (Reza and Singh
2010; Okonofua, Lasisi, and Egbiki 2020).

Water pollution occurs when chemical, physical or
biological elements cause a body of water to no longer be
able to fulfill its intended function (Falih et al. 2024). The
degree of pollution varies depending on the type, location,
and use of the water body. In recent studies, researchers
have focused on petroleum-related pollution and excluded
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such as cadmium (Cd), chromium (Cr) and cobalt (Co) are
harmful even in trace amounts and can cause various health
problems. For example, exposure to lead (Pb) causes
memory loss and behavioral changes in children
(Muhammad and Usman 2022; Abdul Maulud et al. 2021).
The thermal properties of surface waters have a direct
impact on aquatic life (Jurgelenaite, KriauCiuniene, and
Sarauskiene 2012). Variables such as temperature,
dissolved oxygen and pH are influenced by factors such
as weather conditions and geographical location (Ashkanani
etal. 2019). The pH influences the solubility of metals and
microbial activity. While rivers with humic substances can
have an acidic character, petroleum residues can change
the pH (Gandaseca et al. 2011; Mhamdi, Khouni, and
Ghrabi 2016). Total suspended solids (TSS), chemical
oxygen demand (COD) and biochemical oxygen demand
(BOD,) are indicators of water quality and reflect the
presence of pollutants and organic matter (Bilotta and
Brazier 2008; Khan, Gani, and Chakrapani 2016; Wan
Mohtar et al. 2019). By measuring the ambient
concentrations and comparing the maximum values with
the parameters, it is possible to determine whether certain
parameters exceed the optimal values or are approaching
harmful thresholds that affect the habitat and growth of
aquatic life (Nguyen, Diem, and Huynh 2023; Nguyen
and Truong 2023)

Turbidity, which is influenced by particles and
biological activity, affects the translucency of water
(Putnam and Pope 2003). Dissolved oxygen (DO) varies
with temperature, salinity, and water flow. Stagnant water
contains less oxygen than flowing water, and cold, fresh
water has a higher oxygen binding capacity than warm,
salty water. Geographic information systems (GIS) are
invaluable tools for a holistic assessment of water quality
because they seamlessly integrate spatial and temporal
variations (Mtetwa, Kusangaya, and Schutte 2003; Li and
Heap 2011). This technology helps visualize complex
relationships and provides scientists and resource managers
with a robust platform for analysis and simulation (Arslan
2001; Oke and Ogedengbe 2013). GIS has evolved beyond
mere software for managing and processing geographic
information. It now encompasses the management and
processing of all types of geographic information
((Panigrahy 2021; Chen et al. 2024). Geographic
information systems (GIS) are proving to be invaluable
tools for holistic water quality assessment as they
seamlessly integrate spatial and temporal variations
(Dongquan et al. 2009; Syed Abdul Rahman et al. 2022).

Water quality monitoring is of paramount importance
to guide action against water pollution and ensure proper
implementation of prevention and intervention programs
(Zaiedy, A. Karim, and Abd Mutalib 2016; Ata et al. 2018).
A comprehensive assessment of water quality is beneficial

for evidence-based management and conservation of water
resources, for the development and implementation of
water treatment and sanitation systems that ensure the
safety of water used in agriculture, and for the adoption
and implementation of consumer and environmental laws
and regulations (Mohd Soukhri et al. 2022). The assessment
of water quality using environmental parameters involves
several methods, including data analysis, modeling
techniques, statistics, and water quality index (WQI)
methodology (Singh, Majumder, and Vidyarthi 2023).

When selecting appropriate interpolation models,
consistency with the research objectives and the specific
characteristics of the study objects is of paramount
importance (Qiao et al. 2018). However, the evidence for
the superiority of one interpolation technique over another
is inconclusive (Gong, Mattevada, and O’Bryant 2014).
Consequently, kriging and inverse distance weighting
(IDW) are two interpolation approaches that have been
used extensively in pollution mapping and water
assessment (Mirzaei and Sakizadeh 2016). Pankalakr and
Jarag (2016) claim that the IDW method outperforms the
kriging method in terms of accuracy, a position supported
by El-Zeiny and Elbeih (2019). In addition, the study by
Gong, Mattevada, and O’Bryant (2014) emphasizes that
the IDW method provides excellent results in predicting
concentrations of certain pollutants in water bodies and
outperforms kriging in terms of accuracy..

To assess the utility and accuracy of the geochemical
indexing methods used by various researchers in the past,
a brief overview is required. A major limitation of
conventional indices is that they cannot account for all
components in a single calculation (Mohamad Hamzah et
al. 2022). The aim of this study is to develop a new type
of index for estimating the pollution of ecosystems, the
so-called physico-chemical risk index (PRI). The PRI is
derived from a mathematical formula that combines
different environmental parameters into a single value,
allowing a comprehensive assessment of environmental
quality and suitability for different water use applications,
with a weighting value for each pollutant.

The specific objectives of this research are: (i) to assess
the feasibility of developing an approach to pollution
assessment using a limited number of monitoring stations
over a period of time, focusing on global advances that
emphasize efficiency and cost-effectiveness without
compromising accuracy; (ii) create a new index
encompassing all measured physico-chemical elements
and produce a corresponding map depicting pollution
levels; (iii) visualize the spatial and temporal variations of
these parameters using GIS-based interpolation and overlay
analysis tools; and (iv) identify the areas most affected by
petroleum activities and requiring urgent attention. In
addition, this study demonstrates the accuracy of the IDW



method even with a limited sample size, which is a major
challenge for environmental protection agencies that
usually require numerous samples and longer time periods.

METHODOLOGY

The methodology of this study involved collecting samples
from designated sites located in proximity to oil operations
and subsequently determining the concentrations over six
months. The primary parameters tested were temperature,
pH, turbidity (TUR), COD, BOD, TSS, dissolved oxygen,
and oil and grease. Thereafter, the water quality assessment
was divided into two portions to ascertain the level of
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contamination in the study area. The initial step is to
employ geographic information systems methodologies to
provide a comprehensive understanding of the
concentrations of these elements at every location inside
the oil field.

These methodologies enable the forecast of all
locations by utilizing the data collected from the measured
stations. The second phase involves creating a novel index
to quantify pollution by utilizing the most extensive set of
components and assigning weight (indicating the impact
on pollution levels). Subsequently, the threshold limit for
the research area will be determined, and the monthly
findings will be compared with the acceptable pollution
standard. As shown in Figure 1.
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FIGURE 1. Flowchart of research methodology.



244

WATER SAMPLING

Water quality is the first critical factor to evaluate when
determining the extent of pollution and selecting the best
available solutions. This value can be influenced by
numerous factors such as geological location, weather,
human activities, or site conditions. While it is relatively
simple to identify, understand and manage pollution
sources such as domestic or industrial wastewater, it
becomes more complicated when it comes to pollution of
areas such as rural or agricultural land (Haldar et al. 2020).

This study focuses on the Garraf oil field in southern
Iraq, located between 31° 38" 15" to 31° 40’ 53" N and 45°

45 45 45 % “% 46

field.
S i * \F

'
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51'20" to 46° 2’ 54" E. To comprehensively monitor water
quality in secondary streams flowing through or near the
oil field and discharging into numerous agricultural and
residential areas, multiple samples were collected from
March to August 2022. Samples were collected at ten
locations along the streams to assess the level of pollution
and to examine the physical and chemical characteristics
of the streams in the area (see Figure 2). Sampling sites
were selected based on potential sources of pollution,
focusing on areas near oil field facilities as well as
residential and agricultural areas surrounding the field. The
coordinates of the sampling sites in latitude and longitude
are listed in Table 1.
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FIGURE 2. Geographical location and distribution of sampling sites in the Gharraf oil field.

WATER QUALITY ASSESSMENT

The Water Quality Assessment (WQA) serves as a
comprehensive database of water quality indicators for the
region’s sub-stream systems. During the six-month study
period (March to August 2022), we monitored physical
and chemical parameters to gain a baseline understanding

of water quality in these rivers. This article focuses
primarily on the most important parameters, including
temperature (measured in the field with a thermometer and
analyzed according to the ASTM E-2877 method), pH
(measured with a Consort C860 pH meter), and TSS, which
was determined by filtering the samples with 0.45 m filter
paper according to (Bukhari 2008; Zaiedy, A. Karim, and



Abd Mutalib 2016). In addition, elements such as dissolved
oxygen (DO) (measured using a dissolved oxygen meter),
turbidity (measured using a turbidity meter), biochemical
oxygen demand (BODS) (measured using a BOD meter),
chemical oxygen demand (measured using a COD meter),
oil and grease were also assessed.

TABLE 1. Identification of the sampling stations with their
respective geo-coordinates along the surface water in the

Garraf oil field.
Station Location Longitude Latitude
swi R o asa
w2 R g soa0n
W3 N
WA TR s
SWs T A T
SWe - TOR - hoN sisorE
g
SWE - TOR N
W9 R o
swio TRl

*GR: Garraf River, TGR: Tributary of Garraf River; GL:
Garraf Lake

GIS-BASED ASSESSMENT OF WATER
QUALITY

ArcGIS, developed by ESRI, played a vital role in data
input, analysis and mapping. The base map with the
boundaries of the Garraf oil field was provided by the Thi-
Qar Oil Company (TOC). The raster data of the base map
was converted into vector data and the coordinates of the
sampling points were recorded using GPS. ArcCatalog was
used to create the database of water quality indicators and
the river network, while ArcGIS 10.7 extensions facilitated
analysis, interpolation, and mapping.

For the inverse distance weighting (IDW) method,
which was implemented with the Spatial Analyst extension
in ArcGIS 10.3, the results of laboratory tests at ten distinct
locations along the rivers were used. The additional data
collected for each parameter at the measurement points
was used to calculate the interpolated cells for the creation
of the river basin maps.
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GIS INTERPOLATION WITH INVERSE
DISTANCE WEIGHTING (IDW)

For spatial interpolation, inverse distance weighting (IDW)
was used, which is accessible via the Geostatistical Analyst
toolbar in ArcGIS. IDW is a widely used method for
mapping variables that is known for its accuracy and
convex interpolation. It is suitable for continuous models
of spatial variation and has its roots in mining and
geological engineering, where it is based on distance-
weighted locations (Jones, Davis, and Sabbah 2003;
Alssgeer et al. 2018). The IDW method within the GIS
program has made a name for itself.

For its accuracy in delineating pollution zones and
identifying spatial patterns. It emphasizes the validation
of results through a limited sample size and takes into
account several factors that influence the observed physical
and chemical characteristics. Equation (1) is the equation
used for IDW.

Z (XO) = ?zlz(xi) . d;p/Z:Ll dl_Jp (1)

where Z is the value interpolated for a grid node; Z,
represents adjacent data points; and d, measures the
distances between each grid node and the data point.

EVALUATION OF ACCURACY

To evaluate the accuracy of the interpolation technique,
validation experiments were performed using an iterative
jackknife method. In this method, interpolation is
performed iteratively for all data points, excluding each
point in turn. The resulting interpolated values are the
calculated values, which were compared with the observed
values using a cross-validation statistic to summarize the
differences (Wilk et al. 2006). The process is repeated n
times, where n is the total number of samples, and the
calculated statistics are used as a diagnostic to determine
the feasibility and suitability of the interpolation method
for risk maps generation (Khouni, Louhichi, and Ghrabi
2021; Simpson and Wu 2014). Cross-validation tests
integrated into the output of the Geostatistical Analyst
Toolbar in ArcGIS 10.7.1 provide exploratory analysis
results (Wu et al. 2019).

The ME and RMSE, for example, are two cross-
validation statistics that explain the differences between
observed and estimated values. ME provides a displacement
prediction of the error sequence and an absolute measure
of the magnitude of the error, while RMSE indicates the
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accuracy of spatial analysis in geographic information
systems and reflects the sensitivity as well as the extreme
predicted values (Njeban 2018).

To estimate interpolation accuracy, we also evaluate
R?, which is commonly used to measure the correlation
between predicted and measured values. The formulas for
ME, RMSE, and R? are as follows:

ME = -3, (2(X) = Z(X,) @

RMSE = [£51,200) = 200) G

where Z(X;) is the predicted value and Z(X;) is the
observed value.

2 — lZ?’:1(Pi_Pavg) Z£v=1(0i_0avg)J2
Z?Ll(Pi_PaVy)z Z€v=1(0i_0avg)2

“4)

where Py, is the mean estimated value and Oavg is
the mean observed value. O; is the observed value, while
is the predicted value. N is the number of samples, while
n is the number of estimated values.

RESULTS AND DISCUSSION

This section presents and discusses the results of the sample
concentrations of the elements that were determined in the
laboratories and subsequently presented in tabular form to
prepare them for data analysis. The spatial analysis of the

distribution of pollutants in the study area is conducted
using maps, as described in the methodology of the study.
The distribution method is also explained. The degree of
pollution is then determined using a globally recognized
index. Finally, the methodology and procedure for creating
anew index are presented and this index is compared with
other commonly used indices.

To determine the spatial arrangement of the hazardous
and polluted zones, we performed a multi-site analysis
within and near the hydrocarbon field using inverse
distance weighting (IDW) predictions. This approach helps
to quantify pollution risks at different river sites and enables
the identification of priority intervention zones and the
determination of eligibility (Yan et al. 2015). Spatial
interpolation of risks using GIS and IDW techniques is a
valuable tool for assessing surface water quality, as other
researchers have shown (Oke and Ogedengbe 2013;
Dheenan et al. 2014)

MONITORING AND SPATIAL INTERPOLATION
OF PHYSICO-CHEMICAL PARAMETERS

The management of surface waters requires careful analysis
of parameters such as pH, dissolved oxygen (DO), turbidity
(TUR), temperature, biochemical oxygen demand (BODS),
chemical oxygen demand (COD), TSS, oils and fats. The
comprehensive physico-chemical analysis of the water
samples from the Garraf oil field is shown in Table 2. With
the help of GIS and IDW interpolation techniques, the
spatial maps were able to clearly show the progressive
behavior of the physico-chemical pollutants identified. The
gradual fluctuations of the pollutant levels along the Garraf
oil field are obvious. The interpolation technique using the
blue color for pollutants and the red color for safe zones
visually highlights the variations in water purity throughout
the Garraf oil field.

TABLE 2. Summary of the mean values of the physico-chemical parameters of the surface water samples from the Garraf oil field.

Sample ID/ Category

=5
3 2 3 Lo § g
g g o~ o < " © ™~ 0 o = g% gg = § é)
= ) .y — < g, s B = g
s 2 5 B8 B B B B B & B ZE £= 5T
S =
PH - 7.4 8 7.8 8 77 85 87 87 7.8 8.1 pH meter ASTM 6.5-8.5
D-1293
DO mg/L 11.5 11.5 9.8 6.5 11 9.1 89 108 11 9.3 DO meter ASTM >5
D-888
TUR NTU 44 53 61 12 59 12 703 60 68 33 Turbidity ASTM 50 NTU
meter D-1889
Temp. °C 32 29 31 28 28 28 33 31 34 30  Thermometer ASTM -
E-2877

continue ...
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.. cont.

BOD;, mg/L 199 212 219 198 37.8 242 235 27 202 27 BOD meter APHA 30
5210-B

COD mg/L 31 35 37 32 101 43 43 72 38 66 COD meter ASTM 100
D1252

TSS mg/L 36 37 45 30 109 43 37 61 36 52 Gravimetric ASTM 100
D-5907

Oil& mg/L 1.15 135 1.63 0.85 280 2.67 298 298 3.03 1.48 Oilin water ASTM 10
grease meter D-3921

E. Coli - Growth HIMEDIA

Culture M1713

TOTAL SUSPENDED SOLID (TSS)

The total suspended solids (TSS) concentrations measured
during our surveys show a natural variation from 22 mg/L
at station SW4 to 80 mg/L at station SW5, with all values
below the highest Iraqi standard value of 100 mg/L.
Elevated concentrations of suspended solids are often the
result of human activities as well as urban and industrial
discharges, as observed in our study, where the highest
TSS levels are likely due to industrial processes related to
petroleum production. Such elevated TSS levels can have
anegative impact on water quality as they affect turbidity,
light transmission and the photosynthetic process (Bilotta
and Brazier 2008).

The spatial distribution of TSS shown in Figure 3
indicates that Garraf Lake, located in the project area near
the Garraf Base Camp, has significantly higher

concentrations of suspended solids compared to other areas,
with predicted TSS concentrations ranging from 73 mg/L
to 79 mg/L. These trends are associated with wastewater
from the petroleum industry. In particular, the region with
the highest concentration of soluble solids (SW5), shown
in blue, is associated with the discharge of petroleum
processing fluids.

The slight decrease in TSS concentration in the Garraf
tributary downstream of the landfill area (SW6), followed
by an increase with increasing flow in both areas (SWS§-
SW10), could be the result of increased suspended solids
concentrations caused by municipal, industrial and
agricultural runoff in the regions area, with predicted TSS
concentrations ranging from 73 mg/L to 79 mg/L. These
trends are associated with petroleum industry effluents. In
particular, the region with the highest concentration of
soluble solids (SW5), shown in blue, is associated with the
discharge of petroleum processing fluids.

45 45 45 45 45 45 45 46 46 46 46 46 46 46 46 46 46
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FIGURE 3. Spatial distribution of total suspended solids (TSS) in mg/L in the Garraf oil field.



248

CHEMICAL OXYGEN DEMAND (COD)

In this study, COD concentrations (Figure 4) were highest
at sampling site SW5 (Garraf Lake — within the project
area near the Garraf base camp) with a mean value of 80
mg/L, while sampling site SW1 (Garraf River — upstream
of'the project area) had the lowest COD concentration with
a mean value of 20 mg/L. Importantly, the COD
concentrations at all river sites were below the Iraqi limit
of 100 mg/L.

The IDW interpolation map shown in Figure 4 predicts
COD concentrations between 19 mg/L and 79 mg/L, all of
which are below the 100 mg/L limit set by Iraqi regulations.
However, upon closer inspection of the sampled regions,
the blue colored areas, particularly SW5, showed the
highest concentrations in the range of 73-79 mg/L,
indicating proximity to petroleum operations. In contrast,
the dark red colored areas (SW1, SW2 and SW4) showed
lower concentrations, ranging from 19 to 26 mg/L.

= Tegend
@ Dat= for Surface Water SW ] 36.58 - 40.37
[140.38 -45.11
14512 - 5175
[ 51.76 - 60.05
I 50.06 - 69.53
B 59 54 - 79.96

= N 19 5 - 27 33
. 27 34 - 32.07
- |3208-3657

= T T T T T T T
a5 45 a5 a5 as a5 a5 a5 a5

FIGURE 4. Spatial distribution of chemical oxygen demand (COD) in mg/ L in the Garraf oil field.

BIOCHEMICAL OXYGEN DEMAND
(BOD,)

The spatial interpolation of the BOD5 showed the
distribution of the organic load of the surface water and
the influence of the oil from the al-Garraf oil field on the

discharge (see Figure 5). The coherence between the BODS
and COD distribution could be due to the correlation
between these two pollutant indicators. In particular, the
industrial areas along the river system had the highest
BODS values, with predicted concentrations ranging from
27 to 29 mg/L.

= Tezend
@ Data for Surface Water SW [ 16.11 - 17.07
Boundary SW [ 17.08 - 18.62
ldw BODS SW [ 18.53 - 20.67
<VALUE> [ 20,68 - 23.23
= B 118 - 1367 B 2324 - 2615
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45 45 a5 45 a5 45 a5 45 a6

FIGURE 5. Spatial distribution of biochemical oxygen demand (BOD) in mg/ L in the Garraf oil field



Downstream of the project site (SW8) on the Garraf
tributary, a conspicuous orange-yellow coloration indicated
moderate pollution, with organic matter concentrations
ranging from 17 mg/L to 19 mg/L. The BODS5 content of
the Garraf River decreased significantly upstream of the
project site, and this trend continued in the Garraf tributary
downstream of the landfill.

DISSOLVED OXYGEN (DO) AND
TURBIDITY (TUR)

In our study, sampling site SW7, a tributary of the Garraf
River downstream of the project site, had the highest
turbidity concentration with an average of 55 mg/L. In
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contrast, sampling site SW4, a tributary of the Garraf
upstream of the Garraf base camp, had the lowest turbidity
concentration with an average of 8 mg/L. It is noteworthy
that many tributaries exceeded the Iraqi standards and
reached turbidity values above the limit of 100 mg/L.

Looking at the interpolation map of turbidity values
in Figures 6, the strikingly high turbidity and freshness
values at sampling point SW9 stand out. At this point,
which is located downstream of GA4 on the Garraf,
concentrations between 50 and 55 NTU were measured
near the end of our surface water sampling line. This
increase in turbidity is attributed to suspended solids and
chemicals from petroleum processing. It is also worth
noting that the vast majority of our samples exceeded the
Iraqi standard of 50 NTU.

5 Tozend

@ Dot for Surface Water SW 0] 96 6 - 30 68
—— Boundary SW 13069 -34.43
Idw Turbidity SW [134.44 -38.75
<VALUE> I 3806 - 43.63
W 43.G4 - 49.07
4008 - 55.45

= -7 593 - 151
1A 11 - 21 48

- 2149 -26.55
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as as an an as as an a5 a5

FIGURE 6. Spatial distribution of turbidity in NTU in the Garraf oil field.

The spatial interpolation of dissolved oxygen in Figure
7 shows that the values are acceptable and meet the required

values, which should be above 5 mg/L according to Iraqi
standards.
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FIGURE 7. Spatial distribution of dissolved oxygen (DO) in mg/L in the Garraf oil field
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ACCURACY ASSESSMENT AND
CROSS-VALIDATION OF IDW

All researchers dealing with interpolation agree that the
goal is the guaranteed accuracy of data inserted between
points with known values. The bias of the spatial
interpolation algorithm is directly proportional to the
proximity of its underestimation to the corresponding real
observations, which affects its accuracy (Sekuli¢ et al.
2020). In our study of surface water quality assessment in
the Garraf oil field, we examined the accuracy of the IDW
interpolation method using three key statistical criteria:
RMSE, ME and R%.

In validating the model, we used the participating
variables with the smallest RMSE and ME, both
approaching 0, and the highest values for R?, approaching
1 (Njeban 2018). Table 3 describes the RMSE, ME and R?
parameters for each physico-chemical characteristic
investigated to provide a common overview for further
consideration. The predictive accuracy of the inverse
distance weighting (IDW) method for water quality in the
Al Garraf oil field shows through cross-validation that it
has a high level of prediction for each of the parameters
studied.

Cross-validation yielded mean error (ME) values close
to zero, which underlines the accurate reproduction of the
spatial distribution by the theoretical models and shows a
strong correlation with the spatial patterns (see Table 3).
However, caution should be exercised when interpreting
the ME, as positive and negative estimates cancel each
other out, resulting in an underestimated measure of true
error (Ikechukwu et al. 2017). Therefore, the RMSE was
used as it measures sensitivity to outliers and reflects the
magnitude of the extreme error.

TABLE 3. Cross-validation results for the IDW interpolation
method used to assess surface water quality in the Al-Garraf

oil field.

Criteria ME RMSE R?
TSS 0.00503 0.27560 0.988
COD 0.00528 0.30676 0.989

BOD5 0.00111 0.08489 0.989

Turbidity -0.0032 0.20815 0.995
DO 0.00024 0.02128 0.995

The relatively low and comparable RMSE values for
all physico-chemical parameters, ranging from 0.005 for
pH to almost 0.30676 for COD, confirm the validity of the
pronounced central trends and minimal extreme error
(Yavuz and Erdogan 2012). In our study, R? reached
remarkably high values, ranging from 0.988 for TSS, to
0.996 for pH in the surface water of the Garraf oil field.

These high R? values indicate robust agreement between
observed and IDW-interpolated values.

The spatial distribution maps showed the intensity
distribution of the measured elements for all stations in the
oil field as determined by analyzing the data with (GIS)
techniques (IDW method). It was found that continuous
monitoring of the high intensity stations is required. For
example, turbidity should not exceed 50, but at stations
SW2, SW3, SW5, SW7, SW8 and SWO this limit was
exceeded. This indicates that the waste is not being filtered
sufficiently and is entering the water directly.

The permissible limit value for the element (BOD)
was exceeded at the station (SWS5) and is approaching the
limit value at several other stations. This substance has a
significant impact on the mortality of aquatic organisms.
The same applies to the element (COD), which has a
significant impact on aquatic life and exceeds the permitted
limit for the same station. Suspended solids also exceed
the permitted limit at this station. This element has a
significant impact on the purity of the water, especially the
water used for agricultural irrigation.

INDICES FOR ASSESSING POLLUTION
IN SURFACE WATER

POLLUTION DEGREE INDEX (PDI)

The assessment of surface water pollution by measuring
concentrations of chemical and physical parameters is
limited to a handful of mathematical methods and
indicators, with the exception of the Pollution Degree Index
(PDI) and some other indices. Metal pollution in water is
assessed using the Metal Index parameter (Anjum, 2019).
The index quantifies the concentration of pollutants in
water compared to the maximum concentrations set by
regulatory agencies such as the Environmental Protection
Agency (EPA) and the World Health Organization (WHO)
(Ramal, Jalal, and Abdulhameed 2021). The metal index
provides important insights into the safety and overall
quality of water. The calculation is based on the following

formula:

Cs
PDI=—* 5)

m

where C| is the metal concentration in a sample and
C is the maximum allowed concentration.

The pollution index was calculated to assess the metal
pollution of the surface water in the Garraf oil field (see
Table 4) using Equation 5. The pollution index values for
dissolved oxygen (DO), turbidity (TUR), biochemical



oxygen demand (BOD), chemical oxygen demand (COD),
total suspended solids (TSS) and oil and grease were
calculated and presented graphically in Figure 8.

The metal index values showed a decreasing order,
with DO > Tur > BOD >TSS > COD > oil. In general, the
metal index values for all parameters were below 1, except
for oil, where the value was above 1. This index indicates
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that the surface water in the Garraf oil field is only slightly
contaminated. The presence of this indicator is an
indication of the safety and long-term viability of the water
in this region (Goher et al. 2014). Nevertheless, continuous
monitoring of these metals is essential to ensure compliance
with acceptable limits in the long term.

TABLE 4. Pollution index in the surface water of the Garraf oil field

Parameter of analysis C, C PDI
DO (mg/L) 10.86 >5 2.17
TUR(NTU) 15.74 16.66 0.9447
BOD (mg/L) 15.8 30 0.5266
COD (mg/L) 36.2 100 0.362
TSS (mg/L) 38 100 0.38
Oil & Grease (mg/L) 2.09 10 0.209
23 2.17
B 2
2 15
1 0.9447
0.5 05266 0.362 0.38 0.209
; EmE =
DO TUR BOD COD TSS OIL

FIGURE 8. Calculated pollution degree index values for DO, TUR, BOD, COD, TSS, and Oil & grease.

NOVEL INDEX: PHYSICO-CHEMICAL
RISK INDEX (PRI)

This study presents a robust methodology that focuses on
the assessment of trace element concentrations in a
potentially contaminated area and compares them to the
limits set by Iraqi standards. A unique mathematical
equation is then developed to assess contamination at
specific sites, called the physico-chemical risk index (PRI),
which weighs the different components and applies the
least squares method. A comparative analysis is then
conducted to assess the correlation between the element
thresholds and the measured contamination levels at the
site in question.

The determination of the threshold for a particular site
is of paramount importance and serves as a safety threshold
that sets the upper limit for the concentration of a particular
element above which no adverse effects are expected. This
is in line with the regional geochemical baseline. The

threshold for mandatory investigations defines the
concentration of an element at which potentially hazardous
effects are to be expected (Frutos et al. 2010). The
threshold thus represents the numerical value at which a
particular site is considered potentially contaminated.
The focus is on selecting the physico-chemical
elements with the strongest effects. It is therefore important
to identify the components that have the greatest impact
on water pollution. Therefore, the elements DO, Tur, BOD,
TSS, COD as well as oils and grease were selected for
further analysis. The mass of each element used in the
equation is determined, with each element considered as
an individual unit. The theory or methodology of least
squares is considered one of the most important approaches
for determining the weight. After determining the
weighting and considering the maximum allowable values
of the elements, the threshold value is determined to
classify the site as contaminated or uncontaminated.
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FRAMEWORK OF PHYSICO-CHEMICAL
RISK INDEX (PRI)

In order to develop a novel index tailored to each scenario,
a basic framework must be created to facilitate the
systematic collection and organization of relevant data. In
this study, the model of primary petroleum contamination
by PRI detection was formulated using equation (6), in
which selected measured heavy elements were included.
The inclusion of these elements allows for the potential
selection of additional elements for future research using
the same methodology.

PRI = DO (Whbo ) + TUR (Wru + BOD ( Waop )

+ COD (Wkeop ) + TSS (WAss ) + Oil (Woi ) ©®

where W is the weighting of the chemical elements
and PRI is the physico-chemical risk index in the field.
Determining the weighting for each element, as
given in equation (6), is critical due to the inherent
variability of the effects of the different constituents on
contamination. The least squares method was used to
calculate the weighting according to equations (7) to (10).
The weighting obtained can be used directly to assess the
degree of contamination of a site by classifying it as
contaminated or uncontaminated.

x=X @
n

where X is the observed value and n is the number of
measurements.

The residual is the discrepancy between the observed
value and the estimated value of the variable of interest,
e.g., the average of the values of a sample. In regression
analysis, where these concepts are sometimes referred to
as regression error and residuals, leading to the term sample
residuals, the distinction is particularly noteworthy (Das
2019). Equation (8) defines the determination of residual
errors, V.

V=X-X ®)

The term “variance” in equation (9) is a statistical
metric that measures the extent of dispersion of values
within a given data set. More specifically, variance (8?)
measures the extent to which each value in the data set
deviates from the mean, reflecting its importance in
constructing the ideal model for determining pollution
levels.

n-1 ©)

Some measurements have a higher precision due to
several factors, such as the location of the sample, the
effects of elements and the circumstances of the
measurement. Therefore, it is important to apply relative
weighting when adjusting measurements to obtain the best
value for the measured variable. Equation (10) is used to
calculate the weighting of the variables.

w=— (10)

RESULT OF THE PHYSICO-CHEMICAL
RISK INDEX (PRI)

This novel PRI index aims to measure pollutant
concentrations directly and to ensure independence from
intermediates that could affect the accuracy of the results.

As explained previously, to develop a new index for
the assessment of contaminated elements, equation (7) is
used to calculate the sum of the data values, which then
leads to the determination of the mean value of the data
set, as shown in Table 5. It shows the concentrations of the
six-month samples for each element, including dissolved
oxygen (DO), turbidity (TUR), biochemical oxygen
demand (BOD), chemical oxygen demand (COD), total
suspended solids (TSS), and oils and greases. The average
concentrations are calculated in order to obtain a
comprehensive overview of the data.

TABLE 5. Mean concentrations were recorded throughout 6 months.

Concentration
Month DO TUR BOD COD TSS OIL
(mg/L)  (NTU) (mg/L) (mg/L) (mg/L) (mg/L)
March  9.96 2.94 10.15 25.8 17.91 1.130
April 11.25 14.45 8.42 28.6 36.00 1.408
May 12.40 14.94 13.72 33.0 38.40 1.932
June 11.50 13.73 16.52 37.7 40.60 2.190

continue ...
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... cont.
July 10.08 15.39 21.72 421 47.80 2.620
August  9.94 15.75 24.25 49.8 47.80 3.275
Total 65.13 77.20 94.78 217.0 228.51  12.555
Mean  10.86 12.87 15.80 36.17 38.09  2.0925

Equation (8) is then applied to determine the residual
errors (V), as shown in Table 6. The residual errors
represent the differences between the individual data points
and the mean for each element. The variance (6?) is then

calculated using equation (9), resulting in Table 7. This
table shows the variance for each element and provides
information about the dispersion of the data points around
the mean.

TABLE 6. Residual errors (V) for each element.
Residual Errors (V)

DO TUR BOD COD TSS Oil & Grease
-0.895  -9.923  -5.646 -10.366  -20.175 -0.962
0.395 1.585  -7.376 -7.566 -2.085 -0.684
1.545 2.076 -2.076 -3.166 0.315 -0.160
0.645 0.863 0.723 1.533 2.515 0.097
-0.775  2.520 5.923 5.933 9.715 0.527
-0.915 2.876 8.453 13.633 9.715 1.182
TABLE 7. Variance (6°) for each element.
MOchS WDO WTUR WBOD WCOD WTSS WOil
March 0.801 98.467 31.884 107.467  407.030 0.926
April 0.156 2513 54415 57.254 4.347 0.468
May 2.387 4313 4312 10.027 0.099 0.025
June 0.416 0.745 0.523 2.351 6.325 0.009
July 0.600 6.351  35.085 35.204 94.381 0.278
Aug. 0.837 8276 71458 185.867  94.381 1.398
>r? 5.197 120.668 197.68 398.173  606.564 3.106
o 1.039 24.133  39.536 79.634 121.312 0.621

Table 8 shows the weighting of the individual
elements, bearing in mind that each element should be

treated differently in the evaluation process. The weights
are determined on the basis of the previously calculated
variance values.

TABLE 8. Weighting (W) for each element.

/4 w. /4

COD TSS Oil

WDO WTUR WBOD
0.961 0.041  0.025

0.012 0.008 1.609

The Table 9 lists the maximum permissible limits for
the individual elements in accordance with the Iraqi
standards. These permissible limit values serve as the basis

for determining the total limit value according to equation
(7), taking into account the weighting of the individual
elements (Table 8).

TABLE 9. Maximum permissible limit for each element in the Iraqi standards.

Element Max. Allowable in Iraqi standard
DO (mg/L) 5
TUR (NTU) 16.66
BOD (mg/L) 30
TSS (mg/L) 100
COD (mg/L) 100
OIL (mg/L) 10
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Applying equation (6) and using the allowable limits
for the elements results in a maximum PRI value of 24.3280
for all elements, which is the maximum permissible value.
Consequently, the analysis is performed monthly and then
compared to the established limit, as shown in Table 10.
Table 10 contains the analytical results after applying the
new methodological approach and shows the concentrations
for various elements, including DO, TUR, BOD, TSS,

COD and oil and grease values, which categorize the level
of pollution that is uncontaminated in all months. The fact
that these results are consistent with those predicted by the
Pollution Degree Index (PDI) shows that the methodology
of this new indicator is sound. Table 11 shows the main
indices published in other literature, particularly for aquatic
ecosystems.

TABLE 10. Results of the PRI index

Concentration o
Months DO TUR BOD COD TSS OIL PRI Contf;:gf on
(mg/L) (NTU) (mg/L) (mg/L) (mg/L) (mg/L)
March 9.96 2.9433 10.15 25.8 17.91 1.13 12.2170 Uncontaminated
April 11.25 14.4516 8.42 28.6 36 1.408 9.5130 Uncontaminated
May 124 14.9433 13.72 33 38.4 1.932 16.6838 Uncontaminated
June 11.5 13.73 16.52 37.7 40.6 2.19 16.3283 Uncontaminated
July 10.08 15.3866 21.72 42.1 47.8 2.62 15.9639 Uncontaminated
August 9.94 15.7433 24.25 49.8 47.8 3.275 17.0535 Uncontaminated

TABLE 11. Pollution parameter indices reported in the literature, their application formula, their use in ecosystems and their field

of application.
Index Formula for application Ecosystem Application area Reference
The index measures
water heavy metal
Cs concentrations (Ramal, Jalal, and
PDI a Water compared to Abdulhameed 2021)
maximum allowed
values.
Calculations for (Caeiro et al. 2005;
PI Water individual metals ~ Goher et al. 2014)
Quantifies the
n N combined impact (Mohammed 2013;
of specific water Tyagi et al. 2020;
wal Z AW / Z W, Water quality factors Balan, Madan Kumar,
=1 i=1 on the total water and Shivakumar 2012)
quality.
The most proximate
indicator to the
index created in
this study was
h li
DO (Wpo) + TUR (Wry) e (WOD 8
+ BOD (W > i i
PRI (Wson) Water it considers the The novel index of this

+ TSS (Wrgs) + 0Oil (Wop;)

. tud;
clements’ weights study

and assesses
pollution based on
all criteria, was the
same methodology
in (PRI)

PDI: pollution degree index, PI: pollution index, WQI: water quality index, PRI: physico-chemical risk index.



Figure 9 shows the degree of oil pollution in the Garraf
oil field as a function of the PRI index. The results were
classified based on the results of the new indicator and their
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application to each sample, then the database was built in
GIS and the map was created. The map was created based
on the inverse distance weighting (IDW) interpolation.

= Tegend
#®  Data for Surface Water SW [[] 14.39 - 1539
Boundary 8 W 0 154-1614
d [ 15.15 - 16.93
B 1654 - 17.81
N 17 82 - 1874
N 1875 - 20.46

. 5227 - 11.3
- 1131 - 13.06

FIGURE 9. The final physico-chemical risk index (PRI) map of the Garraf Oil Field

CONCLUSION

The chemical and physical pollution maps produced show
that the main potential future source of pollution in the
study area is the epicenter of oil activity, particularly the
regions around the oil wells in the station (SW5). These
regions showed significant pollution, especially for
elements such as turbidity, BOD5, COD and TSS.
Compared to other indicators certified by professional
organizations such as the Environmental Protection Agency
(EPA) and the World Health Organization (WHO), the
results of the unique technique showed that there is
currently no major pollution threat.
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