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Highlights

Aquifer vulnerability was assessed in forested and agricultural lands in
an oil exploited region.

Sensitivity analysis utilising the DRASTIC model was robust.

Risk was mapped using oil pit hazard, a modified DRASTIC index,
and cost-distance analysis.

Micro-slopes and the distance of transported pollutants from the source
were the main factors influencing the surface at risk.

Maximum impacted surface may reach 13% of the Northern

Ecuadorian Amazon.
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Abstract

This study evaluates the risk of groundwater contamination from unlined oil pits, in
the Northern Ecuadorian Amazon (NEA). Applying spatial analysis, several maps
were provided for its integration in land use planning, public health improvement and
future site-specific investigations. Two main maps were produced: (1) a vulnerability
indexed map using a modified DRASTIC model and (2) a hazard map based on the
past (1995-1997) and present (2018) contamination using a weighted density
equation. The hazard was derived from hydrocarbon contained in oil pits associated
with a cost-distance analysis to obtain different maximum distance ranges (MDR), to
model the surface of potentially impacted groundwater. The results indicate a total
calculated hydrocarbons of 39 052 tons. A MDR from 500-10 000 km was retained to
map aquifers at risk, the maximum surface potentially at risk covers 13% of the NEA,
while 83% of the area represents low to medium-low vulnerability. This study led to
several recommendations, such as the level of suitability of the available information,
and what gaps should be filled to improve future research. A surface of 271-766.5 km.

in the 500-2000-m distance range should be prioritised for finer scale risk assessment.

Keywords: risk assessment, overlay index, Amazon, groundwater, oil pollution, land

use planning.
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1. Introduction

In the Northern Ecuadorian Amazon (NEA), oil production is alleged to have
released hydrocarbons into ecosystems, causing human health issues (San Sebastian
& Hurtig, 2005). Studies on hydrocarbon contamination have indicated high
hydrocarbon concentrations in water and soil used by communities for daily life
purposes (Barraza et al., 2018; Maddela et al., 2016; Merchan-Rivera et al., 2017;
Wasserstrom, 2013). Maurice et al., (2019) and Merchdn-Rivera et al., (2017) recently
reported that drinking water and groundwater were contaminated by hydrocarbons.
This contamination has previously been linked to a wide variety of health effects
(Coronel Vargas et al., 2020; Ramirez et al., 2017; San Sebastian et al., 2001).

Previous studies have evaluated oil hazards, such as oil spills (Durango-
Cordero et al., 2018) and gas flaring (Barraza et al., 2020; Durango-Cordero et al.,
2019), as well as exposure patterns (Jaderne Houssou et al., 2019) and human health
risk assessments (Barraza et al., 2018). Non-evaluated contaminant sources include
unlined earthen reserves, mud drilling, and waste oil pits (hereafter referred to as
‘pits’). Up until 1993, while extracting oil and gas in the NEA, oil producers (the
CEPE-Texaco consortium being the most prominent) built and later abandoned
approximately 900 pits (Buccina et al., 2013), into which 48 183 t of crude oil was
poured (MAE-PRAS, 2016). As part of the 1995 Remedial Action Plan (RAP), only
158 pits have been covered with a barren soil coating (MAE-PRAS, 2016).

The purpose of a pit is to hold drilling cuts, drilling mud, and crude
hydrocarbons that are not collected by the pipeline (MAE-PRAS, 2016). Technically,

their size should be sufficient to ensure adequate storage until closure, and bottom
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depth should not reach the groundwater table to ensure that toxic compounds do not
adversely impact groundwater. A site chosen for the location of pits should be
investigated in terms of vulnerable aquifers, and a specific action plan should be
developed to protect them (EPA, 2014). The Ecuadorian National Programme of
Environmental and Social Remediation (PRAS) was initiated in 2008 and registered
historical data (1972-2013) on 1561 pits (141 were eliminated before 2011), of which
1420 were found to have a high-volume variability (see Section 2.5).

To investigate the potential contamination of groundwater, researchers should
identify vulnerable zones across the NEA, that is, zones that would be more impacted
by occasional or chronic contamination from unlined oil pits. Aquifer vulnerability is
defined as the susceptibility of an aquifer to be reached and affected by pollutants, for
example, the physicochemical properties of a pollutant (Andreo et al., 2006) and its
diffusion into groundwater (Vrba & Zaporozec, 1994). Subsequently, the
contamination risk posed to groundwater can be spatially defined as a function of
hazard (i.e. the probability of contaminant leaching) and aquifer vulnerability
(Kazakis & Voudouris, 2015; Metzger et al., 2008).

Aller et al. (1987) developed the DRASTIC model to assess groundwater
vulnerability which conveys more information regarding groundwater contamination
potential than other geographic information system (GIS)-based methods, such as the
susceptibility index (SI); groundwater, overall lithology, and depth to water index
(GOD); aquifer vulnerability index (AVI); and SINTACS index (acronym based on
soil and hydrogeological parameters) (Gogu & Dassargues, 2000). The datasets were

organised into seven parameters to assess groundwater vulnerability with different
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rating scores and weights (Aller et al., 1987). The DRASTIC model has been modified
since its development, depending on available spatial data (Al-Adamat et al., 2003;
Merchant, 1994; Mimi & Assi, 2009; Stigter et al., 2006). For example, in the Daule
aquifer in Guayas, Ecuador, groundwater vulnerability was assessed using a reduced
set of parameters of the DRASTIC index model because of several intrinsic
shortcomings of the model (Merchant, 1994) or site-specific limitations (Ribeiro et
al.,, 2017). Some studies have incorporated land use types (Mimi et al., 2012),
including industry-related contamination (e.g. oil and gas exploitation) (Kazakis &
Voudouris, 2015; Mimi & Assi, 2009; Secunda et al., 1998), with the specific
physicochemical characteristics of pollutants. Other studies have replaced some of the
original parameters with other more specific parameters with respect to context and
data availability, for instance, replacing hydraulic conductivity with groundwater
velocity (Kazakis & Voudouris, 2015). More recently, the ‘specific vulnerability to
anthropogenic pollution” (SVAP) was determined using multivariate and regression
analyses (Busico et al., 2020).

This study attempts to assess the risk of groundwater contamination from
hydrocarbons or associated pollutants, and to provide maps for integrating this risk
into land use planning, public health improvement, and future detailed site-specific
investigations when contamination data are only available for specific areas (MAE-
PRAS, 2016; Maurice et al., 2019). The innovation of the present study lies in the use
of information about past and present oil waste accumulated in oil pits to evaluate the
corresponding risk posed to aquifers in a very sensitive ecosystem. The

methodological approach enables researchers to (1) define vulnerability levels for
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aquifers throughout the NEA, (2) estimate and map the hydrocarbon contents of pits
and the associated hazard level, and (3) evaluate the risk of pit leakage to groundwater
along the runoff stream network using a vulnerability index map overlaying a hazard
map based on the potential propagation of a contaminant plume at the provincial/local

scale.

2. Materials and Methods

2.1. Study area

This study, conducted in the NEA (Fig. 1A), was restricted to 35 051 km? in
the Amazon lowlands (~144-900 m above sea level (a.s.l.)) (Fig. 1B). The area
includes upstream oil/gas production activities that potentially impact forests, rivers,
human settlements, and croplands. Rivers with high flow rates were excluded (Fig.
1B) because surface waters and their interactions with groundwater are highly
dynamic and therefore difficult to characterise based on scarce data. The NEA has a
highly warm and humid climate with an average rainfall of 2900 mm y! (Institute of
Meteorology and Hydrology). The hydrological regime discharges 1000-5000 m? s/,
generally in the Ecuadorian Amazon Basin, resulting in flash floods due to extreme
rainfall events (Laraque et al., 2007). Evapotranspiration ranges from 960 mm y! to
1560 mm y-! with annual average of 1300 mm- (Paca et al., 2019). The aquifers are
unconfined or confined with medium to high permeability, producing small to large
quantities of freshwater (US Army Corps, 1998) (Fig. A.3). The depth of the water
table varies from 0.2 m on the eastern side of the NEA (near the Cuyabeno Reserve

and Napo River) to more than 10 m on the northern and southwestern sides, and



124

125

126

127

128
129
130
131
132

reaches a depth of 1 m in the Joya de los Sachas and Shushufindi regions (Figs. 1B
and A.1). To date, only four aquifers have been rigorously identified (Fig. 1B). More

information on the aquifer characteristics can be found in the Supplementary Material

(Table A.1 and Figs. A.1-A.6).
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Fig. 1. Locations of oil pits. A: NEA region; B: study area within the concerned provinces of Sucumbios
and Orellana, including oilfields. Abbreviations of human settlements: DAY: Dayuma; NL: Nueva

Loja; SH: Shushufindi; TP: Tarapoa; POM: Pompeya; PUT: Putumayo; COCA: Puerto Francisco de

Orellana; JS: Joya de Los Sachas; YUT: Yuturi; DI: Dicaro; TIP: Tiputini.



133 2.2. Data description
134 Tablel.
135  Summary of data used for vulnerability and hazard analyses.
Vulnerability parameters Data Scale Sources
. 1:25 000 MAGAP! (1984)
Depth to the water table Geopedological maps SIGTIERRAS? (2015)
Final Recharee gg“M“al mean rainfall map 5 ) MAGAP (2002)
& 90 m x 90 m pixel IGM? (2010)
Hypsometry .
resolution
Aqu1f§r media, lithology, and Hydrogeology 1:250 000 MAGAP (2005)
formations map
Soil media Geopedological map 1:25 000 MAGAP (2002)
90 m x 90 m pixel N
Topography, slope DEM resolution IGM- (2010)
DEM 90 m x 90 m pixel IGM? (2010)
Impact of zone vadose Soil types resolution MAGAP (1984)
P 1:25 000 SIGTIERRAS (2015)
Hydraulic Conductivity, . .
replaced by the infiliration rate Geopedological map 1:25 000 MAGAP (2002)
Hazard parameters
Total Petroleum Ell:;‘t?l ;;1 1/418.1 modified e 903,
Hydrocarbons MONOIL method MONOIL-ANR project (2018)
American petroleum index Proof samples in several oil National Board of Hydrocarbons (2014)
. Gravity wells ADF (2008)
Contaminant Environmental Protection Agency-
content Soil bulk density Generic defaults OHIO (2005)
Soil texture Derived from generic MAGAP-SIGTIERRAS (1984-2019)
Pit volume Oil pits Point shapefile MAE-PRAS* (2014)
Cost—distance DEM 90 m x 90 m pixel IGM (2010)
resolution
! Ministry of Agriculture, Livestock, Aquaculture and Fisheries
2 National System for Rural Land Information and Management and Technology Infrastructure
3 Geographic Military Institute
4 Programme of Social and Environmental Reparation by the Ministry of the Environment
5 Amazon Defence Front
136
137 Several spatial sources were classified into two categories: (1) vulnerability
138  and (2) hazard from pits. Both categories were evaluated using the available spatial of
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the National Information System (http://sni.gob.ec/coberturas) and Geographical
Military Institute databases (http://www.geoportaligm.gob.ec), as well as local and
national government technical reports and institutional data (Burbano et al., 2015;
Cabrera, 2008; MAE-PRAS, 2016; MAGAP-SIGTIERRAS, 2015). The data are

summarised in Table 1.

2.3. Vulnerability assessment

Groundwater vulnerability was calculated using the modified DRASTIC index
(DI) using a 90 m x 90 m pixel size, as recommended by Jaderne Houssou et al.,
(2019) for cropland. The DI is a standardised model built upon predefined weights
derived from expert knowledge and corresponding rating scores according to the
contamination potential in a given area (Aller et al., 1987). Rating scores, depending
on the degree of vulnerability, may be categorised from low to high on a numeric scale

of 1-10. The DI was calculated using Equation (1):

DI =Dr X Dw+Rr X Rw+Ar X Aw+Sr X Sw+Tr X Tw+Ir X Iw+Cr x Cw (1)

where the capital letters indicate the respective parameter and subscripts ‘r’ and ‘w’
refer to its rating (based on a range of local information for the area being evaluated)
and weight (importance of the parameter), respectively. D: depth to the water table;
R: final recharge; A: aquifer media; S: soil type; T: topography; I: impact on the
unsaturated zone; C: normally hydraulic conductivity, but as it was not available, the

infiltration rate was used.

10
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To define the rating scores in the NEA, the primary modification methods were:
(1) using the four-parameter sub-model of Seabra et al. (2009) for the R parameter
(Fig. A2.); and (2) replacing hydraulic conductivity with the infiltration rate. The
second modification was plausible because the depth to the water table is > 10 m in
most areas of the NEA, and pits have a maximum depth of 6 m. It was assumed that
water flows in a vertical direction at shallow depths, with discontinuities in areas of
subsurface and surface water (Miguez-Macho & Fan, 2012) (Fig. A.5). An extended
explanation of each parameter (as defined in the original model), along with its
ranking and assigned weight, is provided in Table Al and Figs. A1-A6 (Aller et al.,

1987; Babiker et al., 2005; Merchant, 1994).

A sensitivity analysis was performed using map-removal (Lodwick et al., 1990)
and single-parameter analyses (Napolitano & Fabbri, 1996) to i) determine the
influence of parameter ratings and weights in the final index (Appendix A, Table A2-
A3), ii) confirm whether a similar output could be attained using fewer parameters,
and 1iii) depict variations among parameters (Babiker et al., 2005; Kazakis &

Voudouris, 2015).

2.4. Hazard assessment and risk mapping

In the present study, hazard refers to the probability of an event that can harm
a given environmental asset (Gleyze, 2002). The hazard potential was defined using
two datasets on the Total Petroleum Hydrocarbon (TPH) concentration as a surrogate
for the TPH mass content of a pit that is eventually able to flow into groundwater: (1)
a dataset on 87 sampled pits of the Amazon Defence Front (ADF) (Table 2) (field

campaign during 1995-1997) (Cabrera, 2008); and (2) a dataset on the chemical
11
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204

composition of waste deposited in the AUCA-08 pit (field campaign in 2016). The
procedure and chemical compositions are described in Appendix A (Table A.4).
Despite being older, the ADF data were integrated for potential contaminant
propagation and risk mapping because the sampling effort was higher than in this
study (Cabrera, 2008). The median TPH concentration value was retained for
extrapolation and discussion. Descriptive statistics, e.g., median, quartiles and

coefficient of variation, were used to compare the two datasets.

Historically, the volumetric dimensions of pits have experienced physical
alterations, as summarised in Table 2. In addition, several remediation processes have
been implemented in the NEA (MAE-PRAS, 2016); however, a large number of pits
have been insufficiently remediated as they were only covered by a thin layer of clean
soil (1 m thick) without eliminating the residues, while others remained unlined
(MAE-PRAS, 2016). Consequently, the study area is covered with different soil
substrates that represent a gradient from solid soil to oil-like media (Amazon Defence
Front, 2008), which need to be addressed by first calculating the TPH content of each
pit based on its characteristics. To this end, a procedure should be implemented by
incorporating the density of the substrate (Sarah et al., 2015). The contents of a pit
gradually fluctuate between oil and soil muddy mixtures; thus, the TPH content is
difficult to measure for a single pit and is useless at a provincial scale. Following the
ADF report (Cabrera, 2008), it was assumed that each pit consists of 95% solid soil-

like material and 5% liquid oil-like material.

A density-weighted equation was used to estimate the TPH mass in each pit

from the pit volume (assuming a volume-to-volume oil proportion of 5% in the pit):

12
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TPH (kg) = TPHy, X ((Sgp X 0.05 + Pbx0.95) x Vx 107°) (2

where TPHg: (mg kg') is the median TPH content (7519 mg kg!) stored in pits
(Cabrera, 2008); Pb (kg m™) is the average soil bulk density from the literature
(Saxton & Rawls, 2006), which was assigned to pits using the soil type layer that
overlaps the pit; Sgp (kg m™) is the specific oil density, which was calculated using
the corresponding American petroleum index (API), which is a measure of the
petroleum density in each pit and enables the calculation of specific gravity (Sg)
through the expression Sg = 141.5/(API + 131.5) (National Board of Hydrocarbons,

2016); and V (m?) is the volume of the pit.

Table 2.

Descriptive statistics for the volumetric dimensions and TPH content of pits. Statistics were used to
extrapolate data for pits with missing data (shown in bold).

. TPH (mg Area Volume Depth
Statistic kel) (mg (m?) (m?) (m?
Minimum 4 11.55 30 0.16
Ist quartile 2809 241.55 585.73 2
Median 7519 500 2000 2.19
3" quartile 21749 977.92 2000 33
Maximum 900 000 7114 18 432 10
Average 56 322 835.7 1979.48 2.79
S.D. 170 472 914.48 2163.1 2.66
Variation coefficient 3.03 1.09 1.09 0.95
Number of pits with missing data 1333 144 1,200 1298
Number of pits with data 87 1276 220 122
Total number of pits 1420 1420 1420 1420

*A linear regression was used to fill in missing values for area and depth (¥>= 0.40, n =
220).

13
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Pollutant transport depends on the physicochemical characteristics of
hydrocarbons and contamination sources (Fried et al., 1979; Kaasschieter, 1999; Ngo
et al., 2014). Generally, hydrocarbons are hydrophobic pollutants, in which low-
molecular-weight polycyclic aromatic and volatile hydrocarbons (e.g. benzene,
toluene, and xylene) are able to dissolve in water; however, pits can also contain heavy
metals (e.g. Ba, Cd, Hg, Ni, Mn, and V), which may also be soluble in water (Maurice
et al., 2019). Thus, we assumed that the concentrations of the above-mentioned
soluble contaminants were derived from the TPH content of a pit, coupled with the

volume of the pit (Table 2) and generic data of physicochemical characteristics (Table

I).

In the absence of detailed and exhaustive data on the fate of hydrocarbons in
the NEA, the contaminating plume concept considers the pollutant flow rate to be
similar to that of water at a provincial scale; therefore, it propagates along a downward
gradient flow direction. Likewise, the contamination plume derived from these
characteristics was mapped using ‘maximum distance ranges’ (MDRs), that is, semi-
quantitative scenarios (from 500 m to 10 km) indicating the surface potentially
reached by water-transported pollutants until the pollutants are immobilised or cease
to cause harm. Based on the importance of initial sources (i.e. TPH contents of pits),
this method assesses and maps the relative concentrations of potential pollutants at
any point in a given area, without the need to define the proportion of contaminants
mobilised (Khan et al., 2018; Zhang et al., 2018). To determine the spatial extent of a
hazard, a cost-distance analysis was conducted (Kaffa et al., 2021; Udoh & Ekanem,

2011; Verutes et al., 2020). This method calculates the least accumulative cost-
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distance for each pixel to the nearest source over a cost surface, given a maximum
distance (ESRI, 2013). The contamination originating from a pit depends on the
pollutant content of the pit and the distance downstream that the pollutant plume can
ultimately reach. Indeed, soil water leakage and runoff propagate along a downward
gradient (the cost surface), whereby the intensity decreases with increased distance
from the source. The MDRs were reclassified into classes from ‘low’ (the most
distant) to ‘high’ (the closest) by considering that the hazard increases with increased
proximity to the pollutant source, as water leakage and runoff are assumed to be the

major dispersion processes.

Risk was calculated as a function of the probability of a hazardous source
being present and the threat it represents (Gleyze, 2002; Metzger et al., 2008), by
multiplying the hazard propagation at a user-defined distance by the vulnerability
value. The two maps were reclassified from ‘low’ to ‘high’ for each pixel following
the Jenks Natural Breaks Optimisation method. All treatments were implemented
using ArcGIS®. Four MDRs (from 500 m to 10 km) with contrasting spatial patterns

of risk were selected for analysis after several MDRs were explored.

3. Results

3.1 Influence of groundwater parameters on vulnerability

The rating scores represent the influence of individual parameters on the
DRASTIC vulnerability index across the NEA (Fig. 2). Rating scores are one factor
determining vulnerability that considers the NEA-specific conditions; the other factor

is composed of weights from the empirical/adapted model. The parameters

15
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contributing to the vulnerability are shown in Fig. 2. The overall vulnerability index
depends on the multiplication of the rating scores and weights defined by the model.
Thus, medium-high, and high vulnerability ratings are strongly influenced by soil-
media parameters. After the weights are included, the relative importance of the
medium ratings is given by water-related parameters (Fig. 3). Detailed results on

weights and the sensitivity analysis can be found in Appendix A (Tables A2 and A3).
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corresponding to high, medium-high, medium, medium-low, and low vulnerabilities represent 0.06%
(22 km?), 2.7% (909 km?), 13.05% (4435 km?), 35.9% (12 120 km?), and 48.28% (16 389 km?),
respectively. Nueva Loja (NL), Shushufindi (SH), Coca, Pompeya (POM) are in the highly vulnerable
zones, followed by Tarapoa (TP) and Tiputini (TIP). The abbreviations for human settlements follow
those in Fig. 1.

3.2 Risk mapping

The cost-distance analysis provides the potential distance of the contamination
plume, which describes the transport of pollutants from the source (oil pit). This
procedure can map different situations. In this study, to simulate the risk posed by a
contamination plume, four risk maps of potential MDRs based on the TPH mass

contents of pits were retained for illustration purposes (Figs. 4A—4D). The potential
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contaminated surface increased as the length of the MDR increased (Fig.4). In
contrast, Table 3 shows that the change in the surface at each risk level was not

necessarily related to the MDR.

The different risk levels determine the surface extent and change in the
function of the downslope and flow direction of the local territory, that is, the surface
at higher risk levels (shown in red on the maps) decreased as part of the MDR, but
low to moderate MDRs constantly increased the impacted surface. Compared with the
other risk categories, the ‘intermediate’ MDRs (Fig. 4B and 4C) were associated with
larger surface in regions with low—moderate risk levels relative to the total risk

surface.

The ‘closest distance’ MDR (Fig. 4A) indicates that the risk hotspots with the
highest level of contamination were found in Nueva Loja, while medium- to high-risk
zones were dispersed near Shushufindi and Joya de los Sachas. However, in the
intermediate MDRs, hotspots were also observed to the south of Shushufindi, in

Tarapoa, to the north of Joya de los Sachas, and to the east of El Coca.

For the ‘longest’” MDR, the results indicate a low to moderate risk of
contamination over 13% of the NEA surface. The surface extents of the risk zones for

our maps are presented in Table 3.
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303

304  Fig. 4. Risk maps for pollutant discharge from pits into groundwater as a function of the maximum distance transport: a) closest distance to source, MDR of 500
305 m and b) 2000 m; c¢) intermediate distance (MDR of 5000 m); and d) longest path of contamination, MDR of 10 000 m.
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Table 3.

Surface (km?) corresponding to each risk level, depending on the maximum distance of the plume. The
figures illustrating each risk MDR are indicated.

Distance (m)

Category Closest Intermediate Longest

Risk level 500 2000 (A) 5000 (A) 10 000 (A)

Low 53 421 (368) 866 (445) 2871 (2005)

Moderate low 99 252 (153) 424 (172) 1315 (891)

Moderate 85 80 (5) 117 (37) 322 (205)

Moderate high 29 13 (-16) 20 (7) 57 (37)

High 5 0.5 (-4.5) 0.2 (-4.3) 1.3 (1.1)
Total surface at risk (km?) 271 766.5 1427.2 4566.7
Figures 4A 4B 4C 4D

4. Discussion

4.1. Risk components: vulnerability and hazard

The overall vulnerability was medium-low, which corresponds well with the
highly impervious and argillaceous characteristics of Amazonian soils. These
characteristics can reduce soil permeability owing to the aquifer formation differences
between sandstone (Curaray) and quartz pebble bearing (Chambira) matrices. In this
study, vulnerability was mostly sensitive to the combined effects of soil parameters.
The infiltration rate explained 71% of the potential information loss, probably because
hydraulic conductivity was not integrated (effective weight/empirical weight ratio of
0.71). The sensitivity analysis indicated that the groundwater vulnerability assessment
was robust, suggesting that the available quantitative data was integrated into the
model in a satisfactory manner. The intricacies of the Drastic model and sensitivity

analysis are detailed in Appendix A.
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The impact of the hazard assessment on the overall risk estimates is determined
by the estimated TPH content per pit, which was 3859.6 t (median = 14.57 t; minimum
=7.18 kg; maximum = 5712 t) and 39 052.3 t (median = 14.57 t; minimum = 7.18 kg;
maximum = 5712 t) for the 2016 and 1997 datasets, respectively. In official data for
1997, the oil-related discharge amount was 48 183 t, which is ~20% higher than our
TPH content for 1997 (MAE-PRAS, 2016). This difference may partly relate to the
fact that the official value refers to crude oil, while this study considers only
hydrocarbons. Only a fraction of these quantities can propagate because of the low
solubility of heavier crude oil. Maurice et al., (2019) found that only the toluene
concentration was high in deep groundwater wells. Additionally, the pollutant fraction
that could eventually reach the water table, as indicated by the MDRs, would be more
accurately defined using transport-related data of oil-associated contaminants (Table.
A2). Our methodology was not sensitive to inaccuracies in the oil content estimation
because the cost-distance analysis, which emphasises the relative risk, primarily
depends on the volume and location of a pit (agreeing with the TPH mass content
evaluation conducted in this study) based on combining semi-quantitative data to map
several risk scenarios (La Manna et al., 2013). The number of pits with information
on the hydrocarbon content (6%) and volume characteristics (i.e. surface (92%),
volume (15%), and depth (8%)) suggests that the accuracy of the hazard assessment
could improve with permanent data collection schemes (Durango-Cordero et al.,

2018; MAE-PRAS, 2016).
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4.2. Land use planning implications

MDR mapping is useful for decision-makers to anticipate the environmental
impact of spatial planning (Lahr & Kooistra, 2010). The cost-distance analysis results
showed that while the surface at risk increased, the proportion of high-risk surface
decreased; thus, a nonlabile contaminant will have a higher concentration but affect a
smaller surface than a labile contaminant. The relative delta obtained from the MDRs
(i.e. percentage of surface change from one MDR to the next) indicated that surface
with low to with moderately-low levels of risk increased, while surface moderately-
high levels of risk remained similar (Table 3). This finding might relate to the fact that
micro-slopes act as barriers throughout the Ecuadorian Amazonian basin, and/or to

the intrinsic properties of the algorithm used.

Although TPH samples were evaluated using standardised methods (Cabrera,
2008), their application has been internationally criticised because of the lack of
scientific rigor (Buccina et al., 2013). The extrapolated TPH concentration of the
MONOIL-project protocol (2016) was approximately 7 times lower than the observed
with ADF data, i.e., 30.4 for the Auca-08 pit versus 209.7 for ADF data. Although
this finding does not indicate that the ADF data are reliable or valid for the TPH
concentration, it suggests an expected time decay in the TPH concentration. It is
reasonable to have a lower TPH content after 19 years. Spatial planners and local
decision-makers can use locally collected data for risk assessment when certain
criteria are met; for example, based on the social trust of local regulatory institutions,
recognition of local communities, and post hoc environmental impact assessments

(Bronfman et al., 2009; Gémez, 2013; Otieno-odawa & Kaseje, 2014; Schweitzer,
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2008). The relatively short MDR of 500 m to 2000 m provides better spatial insights
for agriculture and water management, which could impact local public health if
improperly planned (Lahr & Kooistra, 2010). This relates to the high hydrophobicity
of hydrocarbon compounds, biological and microbial degradation (Maddela et al.,
2016; Singh & Chandra, 2014), and organic matter content (MAGAP-SIGTIERRAS,
2015), and because the capacity of the MDR for hydrocarbons is reduced by soil
adsorption in Amazonian environments. In addition to the inconclusive results
regarding the correlation between the incidence of disease (e.g. cancer) and oil
pollution, controversies also remain regarding spatial exposure to oil activities (Hurtig
& San Sebastidn, 2002; Moolgavkar et al., 2014). It is advisable to communicate
potential pollution in the medium-high—high risk surface of the 500 m MDR. This
issue should be given special attention with respect to agriculture, specifically cacao
plantations, whose grain quality might be affected by cadmium uptake (Barraza et al.,

2017).

4.3. Limitations and next steps

The spatial coincidence of the soil-related parameters indicated that the total
vulnerability was influenced by their cumulative mean variation (cMVI = 3.5%),
rather than their individual weighted factors, which were low (evaluated in the
sensitivity analysis). These are similar subsurface texture zones and are spatially co-
dependent on soil type. There was a lack of data to rank the parameter for the depth
to the water table in some zones with a ‘considerable’ depth to the water table (>10
m), which probably relates to the use of shallow monitoring systems (MAGAP-

SIGTIERRAS, 2015). More accurate data would improve this data-driven approach
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across Ecuadorian landscapes (Ribeiro et al., 2017), and knowledge of groundwater
vulnerability under human activities. Only 6.5% (87 out of 1337) of the studied oil
pits had relevant data (Table 2), and only four aquifers were rigorously identified (Fig.
1B), representing 2% of the NEA. Aquifers in the Napo basin showed variable average
flow rates of 0.89—13 mL s™!, with a water depth of up to 55 m (SENAGUA-ESPOL,
2017). The identification of other aquifers should continue to enhance vulnerability
analyses in future research. To better explore the importance of all existing parameters
and variables in the vulnerability assessment and to make this study more informative,
we used a modified DRASTIC model instead of more simplified methods such as the
SI (Ribeiro et al., 2017), GOD, and AVI methods (Merchant, 1994; Secunda et al.,
1998; Shrestha et al., 2017). Social vulnerability should also be considered in future

studies to obtain a more integrated perspective (Frigerio et al., 2016).

The information provided in this study can be used to identify vulnerable
surface that could be investigated and used for validation. Selecting sites including
old oil pits within different risk zones for research at finer spatial scales would be a
step forward. As data become available for assessing aquifer vulnerability factors (e.g.
porosity, hydraulic conductivity, hydraulic gradient, and groundwater velocity)
(Kazakis & Voudouris, 2015) and factors related to the physicochemical properties of
contaminants (e.g. cross-sectional area, partition fractions, biodegradation,
sedimentation, and chemical complexion), a multi-phase flow approach using in situ
measurements would benefit from the use of specialised software (e.g. Mod-flow and
Hydrus-2D) (Ngo et al., 2014) and stochastic techniques (e.g. the Markov chain

model) (Weigand et al., 2001). It would be informative to apply such models directly
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downstream of the monitored surface to evaluate the probability of pollutant leaching

into specific water tables due to pit leakage.

5. Conclusion

This study constructively evaluated oil pit-associated risks of groundwater
contamination for integration in land use planning within the NEA. An aquifer
vulnerability map for the NEA was constructed with respect to any contaminant (i.e.
hazard), and then the potential pollution from oil pits was estimated. In addition, the
spatial risk assessment proposed different MDR values for potential pollutant
propagation. Based on a combination of pit locations within different risk zones,
several potential sampling sites could be selected using these risk maps depending on
the solubility and lability of hydrocarbons and other oil-associated pollutants
measured in the TPH analysis. The risk map may be combined with information on
other human activities and social variables (Frigerio et al., 2016), for instance,
overlaying it with a land use map (Al-Adamat et al., 2003; Rahman, 2008; Secunda et

al., 1998).

This study was based on a large spatial dataset, physicochemical properties of
soil, and hydrocarbon characteristics to improve the contamination risk assessment of
aquifers. Future research could integrate refined weights, and data gathering may
improve risk mapping. Local decision-makers and spatial planners may avoid
potential adverse impacts within high-risk zones at a MDR of 500 m or 2000 m by
encouraging further investigations in these surfaces, including validation of

contaminant plumes. Land use plans should be revised in terms of potentially
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434 relocating activities from medium-high to high-risk surfaces designated for
435  agriculture, increasing potable water services, and intensifying risk communication to

436  improve public health.
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Appendix A. Supplementary data

Individual parameters for the modified DRASTIC model

Table A1. Parameter definition, specific treatment and reference source (Aller et al., 1987)

Parameter

Definition

Specific treatment for the NEA

Reference

Depth to the
water table

A measure of depth from the soil
surface to the water table. A deeper
water table level entails a lower
probability for contamination: the
deeper the water table, the lesser the
rating.

No data, sand banks, and human settlements (1984 data)
were excluded. A ‘not evident’ water-table depth class was
reported in data from 2015, which potentially reaches a
depth of tens of metres (i.e. deeper than the pit bottom).
This was considered the less vulnerable class of five classes
(n=5).

(Hamza et al., 2007)
Fig. A.1

Final
recharge

Represents the amount of water per
unit of land surface that can reach the
water table. The main source is
precipitation, which serves pollutant
transport. The greater the recharge,
the greater the contamination
potential, and hence the rating value
increases.

The recharge was built from a four-weighted parameter
sub-model, which integrated the average annual rainfall,
soil type, elevation, and topography. Elevation and slope
data were extracted from the DEM. Although the sub-
model did not estimate a quantity for the recharge value, it
could index vulnerability classes (n = 5).

(Seabra et al., 2009)
Fig. A.2

Aquifer
media

Refers to the saturated zone of soil,
where the higher the permeability
(larger grain size) and the lower the
attenuation potential, the greater the
contamination potential.

Permeability (n = 7) and formation types (n = 11) were
reclassified into rating scores (n = 6)

Figs. A3 and A.4

Soil media

Indicates the uppermost portion of the
vadose zone  with  significant
biological activity. Additionally, the
less clay shrinks and swells, and the

The thicker the grain, the higher the permeability, thus the
higher the index rating (n = 3).

(Hamza et al., 2007)
Fig. A5
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smaller the grain size, the less the
contamination potential.
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Table Al. (continued).

Parameter | Definition Specific treatment for the NEA Reference
Topography | The ratings were assigned following | No modifications from the original DRASTIC index | Fig. A.6

the premise that the less the | classes (n=235).

percentage slope, the higher the local

contamination potential due to the

length of time that water and

pollutants remained in a particular

surface.
Impact to | Depicted by unsaturated material, | Data from 1984 were used to define the average values for | (Hamza et al., 2007).
the vadose | which controls and attenuates the | null-data surfaces in GIS layers for 2015. The category of | Fig. A.5
zone passage of pollutants to the saturated | soil texture at depth (measured within the upper 50 cm of

zone. The thicker the particles, the | the soil profile) was used to define the impact of the vadose

higher the rating. zone, and the superficial soil texture was used to rate null-

data surfaces (n = 3).

Infiltration | Hydraulic conductivity, which is a | This modification is plausible because the depth to the | (Miguez-Macho & Fan,
rate lateral flow velocity parameter of the | water table is >10 m in most surfaces of the NEA and the | 2012).

water table, was not available for the
study surfaces; thus, it was replaced
with the infiltration rate, which is
defined by the vertical flow of rainfall
through the soil surface column.

maximum depth of pits is 6 m. It was assumed that water
flows in a vertical direction at shallow depths, with
discontinuities in zones of subsurface and surface waters (n
=3).

Fig. A5
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743 Figures of the single parameters used in the Drastic model
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Fig. A.3. Hydrogeological settings depicting categories of permeability and formation types with the

corresponding ratings.

Aquifer formations (Fm) in Figure A.4:

* Curaray Fm: Miocene tidalites (sandy to silty), argillaceous/tuffaceous
lutite, and fine plastered sandstone.

e Chambira Fm: Pliocene quartz pebble-bearing conglomerates are
included in a quartz-rich argillaceous matrix. The basal part contains
trough cross-bedded and matrix-supported conglomerates. The main
flow directions range from SW-NE to E-W.

* Arajuno Fm: Ranging from Miocene fine—coarse-grained sandstones
to silty tidalites with two drainage directions: WNW-ESE to W-E and

Nto S.
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* Mesa Fm: Late Pliocene clastic deposits with medium to coarse grain
sizes.

e Mera Fm: Poorly constrained thick Quaternary conglomerates,
tuffaceous sand, and argillaceous rocks (thickness of 45 m) covered by
volcanoclastic deposits.

e Tiyuyacu Fm: Ranging from Eocene conglomerate sandy lutites (fine—
coarse-grained) to mudstones. Typical channel-filling organisation
with upward fining, 10-m-thick sequences, and variable thicknesses
(150-548 m).

* Alluvial deposit Fm (Quaternary).

e Chalcana Fm: Late Oligocene to Early Miocene reddish shales
intercalated with rare fine-grained and thin sandstone beds displaying
trough cross-bedded stratifications and horizontal laminations with
variable thicknesses (255-455 m).

Rating scores: Alluvial deposits were given high ratings and are located mostly in
riverbanks and sediments. The medium scores of the seven ratings correspond to
the Arajuno, Chambira, and Mena formations in the western and central parts of
the NEA. Minimum ratings scores were assigned to the Tena, Tiyuyacu, and

Chalcana formations.
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Fig. A.8. TPH contents calculated in unlined oil pits combining original and extrapolated data.
Displayed using Natural Break Jenks. Abbreviations of human settlements: DAY: Dayuma; NL: Nueva
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Standard procedure and equations for performing sensitivity analysis

The map-removal analysis was used to measure the sensitivity of the overall
vulnerability index for removing one layer. The single-parameter analysis was used
to calculate the ‘real” weight of a parameter, expressed in percentage variation using
only one parameter (repeated in different zones (n = 300) of the studied area), and
compared it with the ‘empirical’ weight given by the original DRASTIC model. The
ratings of each parameter that could influence the model according to site-specific
conditions were evaluated to provide new site-specific rating scores (Kazakis &

Voudouris, 2015). The general procedure and equations for the sensitivity analysis are
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explained in Eq. (Al) and Eq. (A2), respectively. The map removal and single-
parameter analyses were performed upon selecting ‘unique condition subareas’ (n =
~300) of at least 10-pixels in size and recalculating the DRASTIC index n-times upon
obtaining the variable rating scores, while the weights remain unchanged (Napolitano

& Fabbri, 1996).
S=(|%—‘%’| = V) x 100 (A1)

where S is the sensitivity value expressed in terms of the percentage variation from
the overall index; V and V' are the originally computed and tested vulnerability
indices, respectively; and N and n are the number of data layers used to compute V
and V', respectively. The originally computed vulnerability index represents the model
using all parameters, whereas the tested one is the index resulting from the removal
of one parameter. Values closer to zero indicate a lower contribution to the overall
vulnerability index; conversely, values greater than zero indicate a reduced

contribution.
W =[(Pr XxXPw)=+V)] x 100 (A2)

where W is the effective weight of a given parameter, Pr is the rating of the parameter,
Pw is the weight of the parameter, and V is the vulnerability index, as computed in
Equation (1). For instance, the D parameter is multiplied by the corresponding weight

of 5 and divided by the overall DRASTIC index.

Results and discussion on the sensitivity analysis

45



825

826

827

828

829

830

831
832

833

834

835

836

837

838

839

840

841

Table A2 shows the variations in the vulnerability index using the single-map
removal approach. The variation was highest upon removal of the parameter for the
depth to the water table (vulnerability index mean variation = 1.7%), and was slightly
higher than that of the final recharge parameter, which is important and had a high
weighting. The lowest average variation occurred when removing the parameters for
soil and aquifer media.

Table A2. Influence of the various parameters on DRASTIC index variations according to the single-

map removal sensitivity analysis (SD: standard deviation).

Parameter removed Variation in vulnerability index (%)
Mean Minimum Maximum SD

Depth to the water table (D) 1.7 0.2 3.8 0.9
Final recharge (R) 1.6 0 3.6 0.6
Aquifer media (A) 0.6 0 20 0.5

Soil media (S) 0.8 0 1.6 04
Topography (T) 1.0 0 23 0.6
Impact on saturated zone (I) 1.6 0 3.8 1.1
Infiltration rate (C) 1.1 0.1 24 0.5

The mean effective weight indicates the extent of departure from the weights
given by the empirical DRASTIC model according to the specific vulnerability
conditions of the subareas (n for V' = 300). Accordingly, the impacts on the vadose
zone, infiltration rate, and aquifer media had higher mean effective weights. Typical
higher weighted parameters (e.g. depth to the water table and final recharge) were
assigned lower effective weights (Table A3). Topography has an empirically low
contribution to overall vulnerability (w = 1), yet it is also an input for final recharge
indexing. This property may result in an increase in the effective weight of the overall

index.
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Table A3. Single parameter sensitivity statistics.

Empirical Empirical Effective weight (%)
Parameter weight Weight (%) Mean Minimum  Maximum SD Reflefined
weights
D 5 21.7 14.8 2.9 37.2 11.4 34
R 4 17.4 9.6 2.5 36.0 9.2 2.2
A 3 13.0 16.2 7.9 26.5 44 3.7
S 2 8.7 9.4 49 15.2 2.7 2.2
T 1 4.4 8.2 0.6 14.3 3.9 1.9
I 5 21.7 23.6 12.3 37.0 6.7 5.4
C 3 13.0 18.1 6.0 28.9 6.2 4.2

Al-Adamat et al. (2003) successfully applied the DRASTIC model without
integrating all parameters, notably hydraulic conductivity. Sensitivity analysis
indicates the relative importance of each parameter on the final results by removing
them or adjusting weights to the specific information of a study site (Kazakis &
Voudouris, 2015; Napolitano & Fabbri, 1996; Rahman, 2008). The results of the
single-map removal analysis suggest that weighting factors were more relevant in
defining vulnerability than the rating scores. For instance, the variation of the
vulnerability index was highest when removing the parameter for the depth to the
water table (1.7%), which could be attributed to the higher empirical weights (R = 5)
and not to the high rating score, contrary to other studies (Babiker et al., 2005). The
effective weight variation analysis showed that the infiltration rate and aquifer media
parameters were weighted higher than their empirical values of 4.2 and 3.7,
respectively. Aquifer media has two components: (1) soil thickness (SI Appendix, Fig.
A.4), which was available; and (2) transmissivity, which was not available (Hamza et

al., 2007; Kazakis & Voudouris, 2015).
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Protocol for estimating the composition of an oil related pollutants and the results for
soil of the AUCA-08 oil pit

Parent Petroleum Aromatic Hydrocarbons (PAHs) and their alkylated forms
were determined by gas chromatography—mass spectrometry (GC-MS, HP 5890
series II) without supplementary treatment. The quantification limits were calculated
as 10 times the reagent blank standard deviation (SD), and quality control analysis
was performed using supra-pure water enriched with 10 uL of a reference solution
containing a mixture of 16 native molecules of PAHs. In addition, 15 pL of a solution
containing 16 deuterated PAHs was added to each sample to correct for losses due to

manipulation. The recoveries obtained in the enriched water were 101 + 7%.

Sediments were freeze-dried and subsequently treated by microwave extraction
and purification in a column using dichloromethane and isooctane. The PAHs
concentrations in the final extracted solution (~300 puL) were determined using

inductively coupled plasma (ICP)-MS (HP 5890 series II).

Reagent blanks and certified materials: Deuterated solutions were analysed with
the samples. A reference solution containing 18 deuterated PAHs was diluted to obtain
2 mg L' of each molecule, and 30 uL of this solution was added to 3 g of the sample
before extraction. The average recovery of the certified materials was 91 + 10%. TPH

was added as the reference value.
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Table A4. PAH concentrations (single chemical compounds).

Polycyclic Aromatic

Concentration Contribution

Hydrocarbons (mg kg?) (%)
Naphthalene 0.022 0.09
Acenaphthylene 0.000025 0.00
Acenaphthene 0.84 3.21
Fluorene 1.78 6.79
Phenanthrene 6.5 24.76
Anthracene 0.33 1.28
Fluoranthene - -
Pyrene - -
Benzo[a]anthracene 0.84 3.18
Chrysene +
Triphenylene 10.48 39.95
Benzo[b,j,k]fluoranthene 2.62 9.97
Benzo[a]pyrene 0.45 1.70
Indeno[1,2,3-cd]pyrene 0.33 1.25
Dibenzo[a,h]anthracene
+
Dibenzola,c]anthracene 0.30 1.16
Benzo[g,h,i]perylene 1.75 6.68

X15 PAHs 26.24 100.00
Low molecular weight 948 36.12
(more soluble)
High molecular weight
(less soluble) 16.76 63.88
TPH 1050 -

49





