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Abstract
A method is presented for deriving a volume model of groundwater total dissolved solids (TDS) from borehole geophysical and
aqueous geochemical measurements. While previous TDS mapping techniques have proved useful in the hydrogeologic setting
in which theywere developed, theymay yield poor results in settings with lithological heterogeneity, complex water chemistry, or
limited data. Problems arise because of assumed values for empirical constants in Archie’s Equation, unrealistic porosity and
temperature gradients, or bicarbonate-rich groundwater. These issues become critical in complex geologic settings such as the
San Joaquin Valley of California, USA. To address this, a method to map TDS in three dimensions is applied to the Fruitvale and
Rosedale Ranch oil fields near Bakersfield, California. Borehole resistivity, porosity, and temperature data are used to derive TDS
using Archie’s Equation, and are then kriged to interpolate TDS. Archie’s a and m (tortuosity factor and cementation exponent,
respectively) are found by comparing model predictions, after kriging, to TDSmeasurements, and minimizing the differences via
mathematical optimization. Contributions of abundant bicarbonate ions to TDS were corrected using an empirical model. This
work was motivated by federal and state law requirements to monitor and protect underground sources of drinking water.
Modeling shows the legally significant boundary of 10,000 ppm TDS is at ~1,067 m below sea level in Rosedale Ranch, and
deepens into Fruitvale to ~1,341 m. Mapping groundwater TDS at this resolution reveals that TDS is primarily controlled by
depth, recharge, stratigraphy, and in some places, by faulting and facies changes.
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Introduction

Previous groundwater salinity-mapping efforts based primar-
ily on borehole geophysics have used a variety of approaches.
These methods include using geochemical measurements of
TDS from sampled wells (Metzger and Landon 2018),

formation resistivity/TDS regression models (Fogg et al.
1983; Hamlin and Rocha 2015), the spontaneous potential
(SP) method (Lyle 1988; Lindner-Lunsford and Bruce 1995;
Schnoebelen et al. 1995), and using Archie’s Equation to de-
rive formation water resistivity (Lyle 1988; Peterson 1991;
Lindner-Lunsford and Bruce 1995; Schnoebelen et al. 1995;
Hamlin and Rocha 2015; Gillespie et al. 2017).

While these salinity-mapping methods work well in the
geological settings for which they were initially developed,
they have assumptions and weaknesses that may limit their
use in regions with complicated hydrogeology or limited data
availability—for example, in many places available geochem-
ical measurements of TDS are not vertically or laterally dense
enough to map salinity in detail. Regression models assume
constant porosity which may not hold true in areas with com-
plicated lithology (such as shale and diatomite), lateral facies
changes, or volumes spanning large depth intervals.
Furthermore, geochemical samples of produced water usually
come from oil-bearing zones where the resistivity response is
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affected by variable oil saturation, which results in regression
models that reflect the oil zone, therefore it may not be appro-
priate to apply the model in the water-saturated zones. The SP
method is no longer used by most analysts because of its
inaccuracy in predicting TDS (Lindner-Lunsford and Bruce
1995; Schnoebelen et al. 1995; Gillespie et al. 2017). Finally,
methods using Archie’s Equation (Archie 1942) or the modi-
fied version introduced by Winsauer et al. (1952) have had
success, but have uncertainties associated with parameter se-
lection (the a and m coefficients). Further challenges arise
when mapping fresh or brackish waters because of the differ-
ent electrical properties of major ions (Alger 1966; Page 1973;
Schlumberger 2009).

Deep salinity mapping is difficult in geologically com-
plex areas like the San Joaquin Valley of California, which
has mixed siliciclastic- and diatomite-bearing sedimentary
sequences with lateral facies changes (Scheirer and
Magoon 2007) that, in places, contain waters rich in bicar-
bonate. In this area, limitations of standard salinity-
mapping methods are compounded, necessitating a new
approach to salinity mapping.

Here, a new method and workflow that uses borehole geo-
physical and geochemical measurements to construct an oil-
field scale, three-dimensional (3D) salinity map is described.
This method addresses several of the issues raised in pre-
vious studies: (1) it uses measured TDS geochemistry to
find the Archie Equation’s a and m parameters (tortuosity
factor and cementation exponent, respectively), yielding
optimized values for different zones in the volume of anal-
ysis, (2) it allows correction of resistivity responses based
on measured major ion aqueous geochemistry, (3) it con-
siders vertical porosity and temperature gradients, and (4)
it results in a 3D continuous map that characterizes vertical
and lateral salinity gradients.

This method is applied to an example from the Fruitvale
and Rosedale Ranch oil fields which cover roughly 96 km2

(37 mi2) near Bakersfield, California (Fig. 1). Examination of
the 216 direct measurements of TDS available (64 produced
water samples from oil wells and 152 groundwater samples
from water wells) show they are distributed too sparsely and
unevenly to extrapolate to the entire volume. To supplement
the direct measurements, borehole geophysics from 50 oil
wells are incorporated, which provide continuous geophysical
measurements (formation resistivity and porosity) to depths
around 1,371 m (4,500 ft) below sea level. A volume model
of TDS is constructed by first using Archie’s Equation to infer
TDS over the extent of each borehole, correcting the TDS
values to account for different water types (i.e. Na-Cl, Na-
HCO3), and then kriging these values to obtain TDS values
(with confidence intervals) for all points in the volume of
analysis. The parameters of the model (Archie’s a and m,
which were allowed to vary by oil field) were found by
matching the model’s predictions to the direct measurements

of TDS. Mapping groundwater TDS at this resolution has
provided a better understanding of relations to controlling fac-
tors such as depth, recharge, stratigraphy, and faulting, which
can facilitate better predictions in areas with sparse data.

Motivation

Demand for water that is safe for drinking, irrigation, and
industrial supply has been steadily growing for decades, lead-
ing to increased interest in identifying and protecting fresh and
brackish groundwater resources (Cooley et al. 2006; Faunt
2009; BARDEP 2011; EMWD 2013; WaterFX 2014). This
has particularly been the case in the State of California in the
United States, where population growth and a productive ag-
ricultural industry coupled with frequent droughts have led to
constrained water supplies and a heavy reliance on finite
groundwater resources (Faunt 2009; Scanlon et al. 2012).
Consequently, there has been increased use of brackish
groundwater resources having TDS of 1,000–10,000 ppm.
These waters can be treated for domestic and industrial use
at a lower cost than desalination of seawater (GWI 1997; Leitz
and Boegli 2011; EMWD 2013). In the southern San
Joaquin Valley, one of the most heavily impacted areas in
the state, these water resources are often located near oil
fields where they are subject to protections from activities
such as, water/steam injection, produced water disposal,
and hydraulic fracturing.

Historically, state regulators have defined groundwater re-
sources needing specific protection from oil and gas activities
as those containing less than 3,000 ppm TDS. Page (1973)
mapped the 2,000 ppm TDS boundary in the San Joaquin
Valley. However, the 3,000 ppm TDS boundary was usually
determined by oil operators on a well-by-well case via water
samples or analysis of electric logs. A recent audit by US
Environmental Protection Agency (EPA) of California of oil
and gas underground injection practices noted that the state
has not consistently used federal standards to delineate
protected groundwater resources (US EPA 2012). Also, public
concerns about hydraulic fracturing and the waste disposal
practices of the oil and gas industry in general have led to
new legislation (California Senate Bill 4 2013) that imple-
ments the federal 10,000 ppm TDS designation (40 Code of
Federal Regulations § 144.3) as the threshold for protected
waters. Because of these developments, the state needs to
systematically map the location of groundwater resources near
oil fields containing less than 10,000 ppm TDS to assist in
identifying underground sources of drinking water (USDW),
defined as nonexempt aquifers containing water with
<10,000 ppm TDS (SWRCB Model Criteria 2015). Salinity
mapping near oil fields is being conducted by the US
Geological Survey and California State University as part of
a program of the California State Water Resources Control
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Board to conduct regional monitoring of water quality in areas
of oil and gas production (SWRCB 2014).

Geologic background

Sedimentation in the San Joaquin Basin is controlled by a
combination of regional tectonics, sea level change, and sed-
iment supply (Callaway 1990), with significant differences
between the west and east sides of the basin. Deposition on
the eastside of the basin is dominated by sediment supply from
the Mesozoic Sierra Nevada continental arc, with modern al-
titudes up to 4,390 m (14,400 ft), while sedimentation on the

westside of the basin is controlled mainly by development of
the Cenozoic San Andreas Fault, northward transport of the
faulted Salinian block of southern Sierra Nevada origin, and
concomitant folding and thrust faulting (Reid 1995).

The eastside is divided into the Buttonwillow and
Maricopa subbasins by Neogene development of the
Bakersfield Arch (Kern Arch of Saleeby et al. 2013;
Scheirer and Magoon 2007). In the southern Maricopa subba-
sin, sedimentation began in the Eocene on basement rocks of
the Great Valley Ophiolite and Sierra Nevada granitoid meta-
morphic rocks (Ross et al. 1989; Bartow 1991) that were
exhumed during the collapse of the southern Sierra Nevada
(Saleeby et al. 2007). The Eocene sedimentary rocks are

Fig. 1 Location of the study area. The Fruitvale Calloway area is the
northwest portion of the Fruitvale field while the rest of the field is
referred to as the main area. Well location and field boundary data are

from the California Division of Oil, Gas, and Geothermal Resources
(DOGGR 2017c)
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overlain by primarily marine Oligocene and Miocene sedi-
mentary rocks which are, in turn, overlain by shallow marine
and nonmarine deposits of latest Miocene to Pleistocene age.

The Fruitvale (Hluza 1961, 1965) and Rosedale Ranch
(Betts 1955) oil fields are on the southern edge of the
Bakersfield Arch. The deepest oil producing formation is the
shallow marine Santa Margarita sandstone (Hluza 1965;
Scheirer and Magoon 2007). It is overlain by the Chanac
Formation which consists of nonmarine siliciclastic sediments
(Scheirer and Magoon 2007) in three producing zones in the
Fruitvale field: the Kernco, Martin, and Mason-Parker (in
ascending order; Hluza 1965). The Chanac Formation is also
productive in the Rosedale Ranch field where it is not differ-
entiated into producing zones (Betts 1955).

In the study area, (Fig. 2) the Chanac Formation is
overlain by the transgressive marine Etchegoin
Formation, the basal portion of which is an important oil
reservoir in both the Rosedale Ranch and Fruitvale fields.
The base of the Etchegoin is marked by discontinuous
sand beds that have been given local names (Scheirer
and Magoon 2007): Lerdo in Rosedale Ranch (Betts
1955) and Fairhaven in Fruitvale (Miller 1940). These
sands are overlain by the transgressive Macoma
Claystone (Hoots et al. 1954) that thins and pinches out
toward the south and east within the Fruitvale oilfield
(Callaway 1990). The Macoma is a regional unit and acts
as a hydraulic barrier in places. The Etchegoin Formation
thins to the east, pinching out east of the Fruitvale field in
the adjacent Kern River oil field (Bartow and Pittman
1983). Terrestrial depositional conditions resumed with
the overlying fluvial Kern River Formation that grades
basinward (westward) into shallow marine and nonmarine
sediments of the Etchegoin, San Joaquin, and Tulare
Formations (Scheirer and Magoon 2007).

This area has been affected by pervasive Miocene exten-
sional faulting, described by Bartow (1984, 1991) and
Saleeby et al. (2016). It is not clear if the faulting is
geodynamically linked to Miocene development of the
Garlock Fault (Bartow 1991), or reactivation of older faults
associated with the collapse of the southern Sierra Nevada
(Saleeby et al. 2013; Sousa et al. 2016).

The shallow, unconfined to semi-confined aquifer system
within the area is approximately 884m (2,900 ft) at its thickest
in the east and thins toward the west (Shelton et al. 2008). The
aquifers occur within the Kern River Formation in the study
area. Recharge is largely from the nearby Kern River that runs
through the southern part of the Fruitvale field (Fig. 1). Other
recharge is from artificial groundwater banking systems that
are widespread throughout the region. Additional recharge
comes from agriculture and municipal irrigation.

Methods

The following describes the available data sets and how each
is used to construct the TDS model. Resistivity, porosity, tem-
perature, and bicarbonate concentration data are used to make
TDS predictions at discrete locations in the volume of analy-
sis. Those values are interpolated throughout the entire vol-
ume using kriging. The TDS model is parameterized using
mathematical optimization with the sum of squared residuals
as the objective function to be minimized. Note that a similar
method using borehole measurements for salinity estimation
has been termed the resistivity-porosity (RP) method in some
antecedent literature (Lyle 1988; Peterson 1991; Lindner-
Lunsford and Bruce 1995; Schnoebelen et al. 1995; Hamlin
and Rocha 2015; Gillespie et al. 2017).

Macoma top

Chanac top

Mid Kernco top 

Etchegoin top

Kern River Fm

Fairhaven zone

Lerdo zoneMacoma base

Fig. 2 Cross section of geophysical well logs along A–A′ from Fig. 1.
The black curves are spontaneous potential (SP) and the blue curves are
deep-reading resistivity. Select geologic formations are correlated across

the section. The Macoma Claystone, within the basal Etchegoin
Formation, is a regionally extensive clay unit which acts as a hydraulic
barrier

734 Hydrogeol J (2019) 27:731–746



Data

This work relies on the following six datasets, to be discussed
in turn:

1. TDS measurements from produced water samples from
64 oil wells

2. TDS measurements from groundwater samples from 152
water wells

3. Borehole logs for formation resistivity from 40 oil wells
4. Porosity model inputs from 10 oil wells
5. Temperature model inputs from 37 oil wells
6. Bicarbonate model inputs from 27 oil wells

Figure S1 of the electronic supplementary material (ESM)
shows the date distributions of datasets 1 and 3.

Dataset 1: produced water TDS measurements

Geochemical measurements of produced water samples from
Fruitvale and Rosedale Ranch oil fields are used as the ground
truth for TDS when setting the first-order parameters of the
model (Fig. 1). The data come from a compilation of produced
water chemical analyses (DOGGR 2017a), a Division of Oil,
Gas, and Geothermal Resources (DOGGR) database for un-
derground injection control (UIC) wells that includes data for
the TDS of water for selected wells and zones, and the US
Geological Survey National Produced Water Database
(Gillespie et al. 2017; Metzger et al. 2018; USGS 2017).
These data sources list data collected by well operators.

This dataset consists of 64 data points, each with x and y
(denoting well location), z (elevation relative to sea level, as
calculated from the depth of the top perforation of the well),
and a TDS value. The data are available from Metzger et al.
(2018). Counts by oil field and stratigraphic unit are shown in
Table 1.

Dataset 2: water well TDS measurements

Historical geochemical analyses of samples from water wells
in the area compiled by Metzger et al. (2018) provide an

additional 152 TDS values (Fig. 1). Water wells are shallow
compared to oil and gas wells and are typically used for irri-
gation or as domestic or public water supply. Bottom perfora-
tions range from 114 m (375 ft) above sea level to 112 m
(367 ft) below sea level. These observations are used only to
visualize TDS at shallow depths where the geophysical logs
do not provide coverage. They are not used in the setting of
model parameters because they are out of the coverage area of
geophysical logs.

Dataset 3: borehole logs for formation resistivity

Borehole logs (also known as geophysical well logs or well
logs) were obtained from the DOGGR website (DOGGR
2017b) as raster images, which were digitized to convert into
numerical values with a commercial software program from
Neuralog (Neuralog 2018). Most well logs prior to the
1980s lack the data needed to estimate formation porosity,
but older logs such as these comprise the primary dataset
due to their availability and spatial distribution in the study
area (Fig. 1). These logs have readings for spontaneous
potential (SP) and formation resistivity (Rt) with depth.
Formation resistivity readings are essentially a depth-
continuous measurement but, for this dataset, a discrete
number of measurements, at depths that correspond to
clay-free (Bclean^) sands were chosen to minimize the im-
pact of electrical charges present in clay minerals and as-
sociated bound water on the results. The clean sand zones
were found by analyzing the SP curve and the deep and
shallow resistivity curves (for details see p. 77, Asquith
and Krygowski 2004). Measurements were discarded in
the oil-bearing zone, which was inferred from the perfora-
tion interval, core analyses, mudlogs, and from driller’s
notes when available. The presence of oil and gas causes
resistivity to increase so that it does not accurately repre-
sent the resistivity of the formation water. This allows for
the exclusion of the effects of clay and hydrocarbons and
for the assumption that all resistivity measurements repre-
sent only rock and water.

From 40 wells (27 from Fruitvale and 13 from Rosedale
Ranch), 364 data points are derived (Fig. S2 of the ESM), each
with x and y (denoting well location), z (denoting elevation
relative to sea level), and Rt (formation resistivity). The data
are available from Stephens et al. (2018).

Dataset 4: porosity model inputs

TDS is inferred from Rt using Archie’s Equation (Archie
1942). This equation requires a value for the formation poros-
ity, which for these purposes is defined as the relative volume
of water in pore spaces, excluding clay-bound water or crys-
tallization water (Ellis and Singer 2007). This quantity can be
inferred by combining readings of a gamma-gamma density

Table 1 Number of TDS measurements by oil field and stratigraphic
unit

Stratigraphic unit Oil field

Fruitvale Rosedale Ranch

Etchegoin 5 30

Chanac 18 10

Santa Margarita 1 0
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log and a neutron-porosity log (Asquith and Krygowski
2004). Since these logs are not available for most wells in
the primary dataset, a porosity model is constructed for each
oil field using logs from 10 wells with porosity logs, 5 for
Fruitvale and 5 for Rosedale Ranch. This dataset consists of
the continuous logs for each well (Stephens et al. 2018). The
construction of the porosity model is discussed in the follow-
ing section ‘Porosity model’.

Dataset 5: temperature model inputs

Like porosity logs, temperature logs are not plentiful in the
study area; however, the maximum temperature within the
borehole is generally recorded on well log headers. In zones
not affected by thermal enhanced oil recovery operations,
which are not used in the study area, the maximum tempera-
ture is assumed to be at the bottom of the well and can be used
to calculate a temperature gradient within the oil field. This
dataset consists of bottom hole temperatures and associated
depths from 16 wells in Fruitvale and 21 wells in Rosedale
Ranch (Stephens et al. 2018).

Dataset 6: bicarbonate model inputs

Log analysis procedures for determining TDS from resistivity
assume the water is a Na-Cl type water. While this is the case
for much of the study area, some zones within the Fruitvale
field contain Na-HCO3 type water. Because the electrical
properties of chloride and bicarbonate are different, the model
must account for elevated concentrations of bicarbonate
where it occurs (Alger 1966; Chart Gen-4 in Schlumberger
2009, p. 5). Measurements of HCO3

− concentrations from 27
oil and gas wells (Gans et al. 2018) are used to construct a
bicarbonate model that is used within the TDS model to pre-
dict TDS within the Fruitvale field.

There are additional bicarbonate data from water wells in
the study area, which were not used in the bicarbonate model.
As with measurements of TDS from water wells (dataset 2)
the bicarbonate data from water wells are out of the coverage
area of the geophysical logs.

Porosity model

The porosity model gives predictions for sand bed porosity by
depth in each of the two oil fields in the study area. It is
constructed in four steps, all of which are conventional in well
log interpretation (Asquith and Krygowski 2004; Ellis and
Singer 2007).

First, the density log reading is converted into a Bdensity
porosity^ by assuming the density of the rock matrix is
known, via:

ϕD ¼ ρma−ρb
ρma−ρ f l

ð1Þ

where the terms are as defined:

ϕD Density-derived porosity (dimensionless)
ρma Rock matrix density, assumed to be 2.65 g/cm3

ρb Measured formation density (g/cm3)
ρfl Fluid density, assumed to be 1 g/cm3

Secondly, density porosity and neutron porosity readings
are compared to identify, for each well, the depths at which the
sand is most likely to be clean (clay free). This is accom-
plished by only considering porosity measurements where
the neutron and density curves are within 2% of each other,
thus yielding 936 Bsand points^ for Fruitvale and 1267 for
Rosedale Ranch.

Thirdly, density porosity (ϕD) and neutron porosity (ϕN)
are combined via the root mean square formula from
Asquith and Krygowski (2004) to obtain a composite estimate
for porosity (ϕN −D) at each sand point, through:

ϕN−D ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ϕ2
N þ ϕ2

D

2

s
ð2Þ

Finally, lines are fitted to plots of ϕN −D versus depth for
each oil field to obtain the porosity model (Fig. 3).

Temperature model

The temperatures and corresponding depths were fit with a
linear regression to create a temperature model for each oil
field (Fig. 3). The equation of the best fit line was used to
calculate a temperature at every depth for each of the wells
in the analysis (Gillespie et al. 2017).

Bicarbonate model

The Fruitvale field has elevated levels of bicarbonate in pro-
duced water (Fig. S3 of the ESM). This is likely due to mete-
oric recharge brought into Fruitvale by the Kern River, which
is also the reason Rosedale Ranch does not have high concen-
trations of bicarbonate. The plot of the ratio [HCO3

−]/TDS
against the logarithm of TDS was fit with a sigmoid curve to
model the fact that bicarbonate predominates when TDS is
low, and tapers in significance as TDS increases (Fig. 4).
The sigmoid’s lower asymptote is set to zero, and the upper
asymptote is set to 0.73, which is the value of [HCO3

−]/TDS
in a sodium bicarbonate solution. The sigmoid function was
selected to model the bicarbonate fraction in TDS because the
behavior at the lower and upper ranges of TDS could be con-
trolled by setting the asymptotes. As noted already, the frac-
tion of bicarbonate in a solution cannot exceed 0.73, and as
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TDS increases, chloride becomes the predominant anion and
the bicarbonate fraction becomes insignificant (demonstrated
by data from Kharaka and Hanor 2004), and this behavior
could not be modeled with other functions (i.e. linear, polyno-
mial, etc.).

The bicarbonate model is used within the TDS model to
derive TDS estimations in zones where bicarbonate concen-
trations are significantly contributing to resistivity responses
read from the well logs. TDS would be underestimated in
these zones without this correction. The application of the
bicarbonate model is discussed further in the following
section.

TDS model

The TDS model takes resistivity readings at sand points as
input, and incorporates outputs from the porosity, bicarbonate,
and temperature models to derive a mean and variance for
groundwater TDS at all points in the volume of analysis. It
is constructed in multiple steps. To summarize:

& Archie’s law is used to estimate the resistivity of ground-
water from formation resistivity, with input from the po-
rosity model.

& Groundwater resistivity is converted to TDS values, with
input from the temperature model and the bicarbonate
model.

& TDS values are interpolated to the whole volume by
kriging.

Fig. 3 a,c Porosity data. Many wells in the study area do not have
porosity logs, which are needed for the TDS calculations. The porosity
logs that are available were used to create a model to use for the wells
without porosity readings in lieu of estimating with a constant porosity.

b,d Temperature data. Temperature readings are also needed for the TDS
model, but temperature logs are not common in the area. Temperature
data are from well headers in electrical logs obtained from DOGGR
(2017b)

Fig. 4 The relationship used to model bicarbonate. Generally, HCO3
−

predominates in water with lower TDS but, as TDS increases, the ratio
between bicarbonate and TDS lowers and therefore bicarbonate has a
smaller effect on the TDS predictions. The data were fitted with a
sigmoidal function to capture the upper and lower bounds of this
relationship properly. The upper bound is set to 0.73, which is the ratio
of bicarbonate to TDS in a sodium bicarbonate solution. The lower
asymptote was set to zero

Hydrogeol J (2019) 27:731–746 737



Using Archie’s law to find groundwater resistivity

Archie (1942) found empirically that in brine-saturated
(hydrocarbon-free) sand beds, bulk resistivity and brine resis-
tivity are related as follows:

R0 ¼ F � Rw ð3Þ

where the terms are as defined:

R0 Resistivity of 100% water-saturated rock (ohm-m)
F Formation factor
Rw Resistivity of the water (ohm-m)

The formation factor is related to the porosity of the
rock by,

F ¼ a
ϕm ð4Þ

where:

a Tortuosity factor
ϕ Porosity (dimensionless)
m Cementation factor

The parameters a and m vary by rock type and location. If
they are known, and if porosity is known (or in this case,
obtained from a porosity model), brine resistivity can be esti-
mated by:

Rw ¼ R0
ϕm

a

� �
ð5Þ

Ideally a and m are determined by lab analysis of borehole
cores, which are not available in the study area. Instead, a andm
for each oil field are determined from the optimized solution of
the TDS model to fit laboratory TDS values of produced water.
This is discussed in section ‘TDS model parameterization’.

From groundwater resistivity to TDS

Deriving TDS from the resistivity of a brine solution is a three-
step process. Firstly, calculate the resistivity that the brine
would have at 75 °F (Asquith and Krygowski 2004):

Rw75 ¼ Rw � T þ 6:77

75þ 6:77
ð6Þ

where T = temperature (degrees Fahrenheit).
Next, calculate the TDS (ppm) of a NaCl solution with this

resistivity (Bateman and Konen 1978):

TDSNaCl ¼ 10 3:562−log10 Rw75−0:0123ð Þð Þ=0:955½ � ð7Þ

Lastly, if needed, derive TDS fromTDSNaCl in zones where
sodium and chloride are not the predominant ions.
Bicarbonate and chloride ions have similar electrical mobility,

but the greater molar mass of bicarbonate implies higher TDS
for solutions with bicarbonate than for a pure NaCl solution, if
resistivity is kept constant (Alger 1966). A conversion chart in
conjunction with the bicarbonate model is used to derive TDS
from TDSNaCl.

To approximate the Schlumberger chart (Chart Gen-4 in
Schlumberger 2009, p. 5), one can use the equation

TDSNaCl ¼ Na½ � þ Cl½ � þ 0:345∙ HCO3
−½ � ð8Þ

where TDSNaCl is the concentration of a NaCl solution with
the same resistivity as a brine that contains bicarbonate.
Elsewhere a function f(TDS) that gives [HCO3

−]/TDS for
TDS in the domain of interest was constructed (Fig. 4).
Combining the two equations gives

TDSNaCl ¼ TDS∙ 1− f TDSð Þ½ � þ 0:345∙TDS∙ f TDSð Þ ð9Þ

This simplifies to

TDSNaCl ¼ TDS∙ 1−0:655∙ f TDSð Þ½ � ð10Þ

Since the target is TDS in terms of TDSNaCl, the mathemat-
ical inverse of this relationship is desired, but a closed-form
mathematical expression does not exist. Thus, fixed-point it-
eration is used to solve for TDS. This equation can be
rearranged to get:

TDS ¼ TDSNaCl
1−0:655∙ f TDSð Þ ð11Þ

An approximation for TDS can be found by substituting for
TDSNaCl for TDS on the right-hand side:

TDSapprox ¼ TDSNaCl
1−0:655∙ f TDSNaClð Þ ð12Þ

This approximation can be used to get a better approxima-
tion by resubstituting it for TDS:

TDSapprox2 ¼ TDSNaCl
1−0:655∙ f TDSapprox

� � ð13Þ

This process can be repeated until convergence. In practice,
five iterations suffice for a good approximation. Note when
[HCO3

−] is zero, TDSNaCl equals TDS. Applying this meth-
odology to derive TDS from TDSNaCl to account for bicarbon-
ate improves the TDS model prediction error (discussed fur-
ther in section ‘TDS model parameterization’).

Kriging TDS

The TDS values derived from borehole sand points are spa-
tially discrete (Fig. S2 of the ESM). Three-dimensional ordi-
nary kriging was used to interpolate log TDS (the logarithm of
TDS), to obtain a mean and variance for this quantity at all
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points in the volume of analysis. The initial motivation for
transforming TDS was to have an interpretation for negative
interpolated values. Subsequently, examination of the ortho-
normal residuals (Kitanidis 1991), showed that log TDS com-
ports with modeling assumptions much better than untrans-
formed TDS, as is discussed in the following.

Kriging requires the analyst to choose a model for how ob-
servations (log TDS values) covary as a function of distance. An
initial inspection of the measured TDS values helped to deter-
mine two aspects of the covariance structure. Firstly, it became
apparent that the coordinate system could be made isotropic by
scaling z (depth) up by a factor of 10 (Kitanidis 1997; Olea
2012). When measured TDS values are projected onto the A–
A′ plane that crosscut both fields (Fig. 1), the TDS trends about
as much from top to bottom as from side to side, and this plane
has a height-to-width ratio of on the order of 10. Secondly, the
apparent TDS trend suggests that log TDS lacks spatial station-
arity in the mean, or at least that the volume of analysis was too
small to warrant positing a stationary mean. Thus, a linear
variogram model was used for log TDS (Kitanidis 1997), which
has just two parameters, nugget (y-intercept) and slope. These
parameters were set by fitting the experimental variogram (Fig.
S4 of the ESM).

Variogram fitting and kriging predictions are performed using
the Python software package PyKrige (Murphy 2018). PyKrige
was also used to analyze krige residuals (Isaaks and Srivastava
1989; Kitanidis 1991, 1997), to verify the modeling assumption
that the values being kriged obey a multivariate normal distribu-
tion. In this analysis, data points (x, y, z, log TDS) are put one at a
time into the kriging model, but before each data point is put in,
the model is used to predict log TDS at that location. The differ-
ence (the residual) is scaled by the square root of the prediction
variance. If modeling assumptions are correct, the scaled resid-
uals should have a unit normal distribution. By comparing the
first fourmoments of this empirical distributionwith that of a unit
normal, it can be seen that taking the logarithm of TDS before
kriging was correct in this case (Table 2).

TDS model parameterization

As already described, the TDS model consists of four steps:
Archie’s Equation, resistivity-to-salinity conversion, accounting
for bicarbonate in Fruitvale, and kriging. Only the first part has
parameters that cannot be derived from model inputs or set by

general geological/geophysical knowledge. Resistivity-to-
salinity conversion (the second part) has no parameters. The
bicarbonate model (the third part) has two parameters that are
used to fit a sigmoidal function to the bicarbonate and TDS data,
but they are found by fitting the datawith nonlinear least squares.
Kriging (the fourth part) has three parameters: a z-scale for an-
isotropy, the nugget, and the slope of the variogram, but the z-
scale was set by inspecting measured TDS values, and the nug-
get and variogram slope was set by computing the experimental
variogram, and therefore kriging parameters are fully determined
by model inputs. Archie’s Equation parameters (a andm) are the
only parameters of the TDS model that remain free.

When borehole core analyses are unavailable, a common
approach to setting a and m is to use values from a previous
study where the rocks seem to be similar in description
(Winsauer et al. 1952; Carothers 1968; Porter and Carothers
1970; Carothers and Porter 1971). The Humble parameteriza-
tion (a = 0.62 and m = 2.15), established by Winsauer et al.
(1952), is recommended for unconsolidated sands. Other set-
tings often used are the Archie parameterization (a = 1.0, m =
2.0) and the Tixier parameterization (a = 0.81,m = 2.0), which
are recommended for consolidated sands (Archie 1942; Lyle
1988; Asquith and Krygowski 2004).

To see how such an approach would fare, the model was run
with theHumble parameterization, andmade predictions for each
of the 64 points of dataset 1. Figure 5a shows a cross-plot of
predicted versus observed TDS values. The model tends to un-
derestimate TDS,with a root-mean-square error (RMSE) of 0.42,
but not in all parts of the study area. The predictions are fairly
accurate in the in the Fruitvale field, but too low in Rosedale
Ranch. A higher value for a would have caused predicted TDS
values to be higher overall. The model was run with the Archie
parameterization (a = 1.0, m = 2.0) and the results are shown in
Fig. 5b. The RMSE dropped to 0.37 and the model now slightly
overpredicts in the Fruitvale field.

These preliminary analyses suggest that a andm vary with-
in the study area, and that a good model might have separate a
and m parameters in each oil field. As for setting these param-
eters, since it is not known how the lithology of any zone
compares to lithologies from previous studies, a practical ap-
proach would be to set the parameters by trying to match
predicted TDS values with measured produced water TDS
values. What needs to be decided, then, is how many a and
m parameters there should be, and how to partition the volume
of analysis. The zones should be numerous enough to account
for any significant variation, but not so many that the calibra-
tion data is spread too thin. Two zones were selected by
distinguishing between the two oil fields, so that each field
is a zone. Each field was assigned a separate a and m.

Mathematical optimization is used to find settings for the four
model parameters (a and m in each field). The sum of squared
residuals (between predicted TDS and measured produced water
TDS values) is the objective function to be minimized. This

Table 2 Scaled residual empirical moments, compared to unit normal
moments

Distribution Mean Variance Skewness Kurtosis

Unit normal distribution 0 1 0 0

Scaled residuals for TDS 0.007 0.330 2.053 17.372

Scaled residuals for log TDS 0.036 0.548 −0.008 0.665
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function incorporates the full TDS model (with Archie’s
Equation, resistivity to TDS conversion, the bicarbonate correc-
tion, and kriging) and compares model outputs against produced
water TDS values. Optimization results are shown in Table 3.
With this parameterization, RMSE drops to 0.23, and there is no
longer systematic over- or under-prediction of TDS (Fig. 5c).

The geological justification for this approach is that the
environment of deposition and/or sediment sources affects
physical rock characteristics, which in turn determines a and
m. For example, depositional environment can affect the shale
volumes within sand beds, and greater shale content results in
lower formation resistivity, which can be modeled by lower a
values (Worthington 1993). Partitioning the volume of analy-
sis allows the model to account for not only variable clay
content, but also subtle differences in pore geometry and rock
cementation that are represented by Archie parameters.

Cross-validation results show the estimated typical relative
prediction accuracy for the area of analysis as a whole was
found to be 22% (see section S1 in the ESM). Also, as noted
before, applying the bicarbonate model within the TDS model
improves performance—without the bicarbonate model the
RSME is 0.30 compared to 0.23 with the bicarbonate model.

Because the input data set for the TDSmodel was collected
over four decades, one must consider if there is a temporal bias
in the data—for example, if groundwater TDS changes
through time, older resistivity readings may not reflect later
conditions. However, TDS model errors are not correlated
with the dates the water samples were collected (Pearson r =
−0.13, see Fig S1c in the ESM). This suggests there is no
significant temporal bias in the data (see section S2 in the
ESM for further discussion).

Results and discussion

Groundwater TDS distributions

To visualize TDS in the Fruitvale and Rosedale Ranch area,
TDS values derived from borehole measurements (dataset 3)

Fig. 5 Cross plots of the measured TDS values (x-axis) and the predicted
TDS values (y-axis). The black lines are the one-to-one lines. a Using the
Humble parameterization (a = 0.62, m = 2.15). b Using the Archie

parameterization (a = 1.0,m = 2.0). c Finding a andm throughmathemat-
ical optimization to achieve the best fit to themeasured TDS data (a andm
values in Table 3)

Table 3 Results of TDS
model parameter
optimization

Oil field a m

Rosedale Ranch 1.02 1.99

Fruitvale 0.78 1.77
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are combined with measured TDS from both oil wells and
water wells (datasets 1 and 2), and are kriged to interpolate
over the volume of interest. For visualization, the nugget was
set to 0.033, which corresponds to a relative error of 20% in
TDS, since this level of accuracy is typical for deriving TDS

from borehole log analyses (Kong 2016; Gillespie et al. 2017).
Figure 6a shows a cross-sectional view of interpolated TDS
on the transect in Fig. 1 where it can be seen that TDS gener-
ally increases with depth, but is significantly different at sim-
ilar depths along the transect. TDS begins to increase rapidly

Fig. 6 a Cross section of groundwater TDS along the transect from Fig.
1. This figure uses measured TDS from oil and gas wells, the values from
the TDS model, and TDS measurements from water wells. The field
boundaries and location of the Kern River are marked along the cross
section. b Kriging prediction certainty for log TDS along the cross

section. Cooler colors represent lower kriging prediction standard
deviation near the data points. The higher kriging standard deviations
along the deeper portion is due to a lack of nearby data. Note the
contour interval is not constant throughout the figure. The vertical
exaggeration is 3.5
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with depth in the Rosedale Ranch area at ~914 m (3,000 ft)
below sea level and at ~1,158 m (3,800 ft) in the northwest
portion of Fruitvale. Near the Kern River in the southern
portion of the Fruitvale field, TDS increases only gradually
throughout the depth coverage. To the northwest in the
Rosedale Ranch area, groundwater reaches 10,000 ppm
TDS at ~1,067 m (3,500 ft), whereas in the Fruitvale area
to the southeast, 10,000 ppm TDS is reached at ~1,341 m
(4,400 ft).

Interpolated values are more reliable when they are close to
an observation. Since kriging infers a normal distribution for
each interpolation, a more reliable interpolation is represented
with a smaller standard deviation. Figure 6b plots the standard
deviation of log TDS for the transect in Fig. 6a. When a bore-
hole sand point, produced water sample, or water well sample
lies nearer the transect, reliability is higher (cooler color) com-
pared to areas where data are more distant, where reliability is
lower (warmer color).

The 10,000 ppm TDS surface is visualized in map view
using the TDS volume model (Fig. 7). The surface contours
provide a map of the depth of potentially useable groundwater
resources. The depth to the 10,000 ppm TDS boundary is
~1,067 m (3,500 ft) below sea level in the Rosedale Ranch
area and deepens toward the southeast to ~1,341 m (4,400 ft).
The elevation of the surface of the previous protected standard
of 3,000 ppm TDS is also contoured in Fig. S5 of the ESM.

Potential controls on TDS structure

The distribution of groundwater salinity (Figs. 6 and 7) is
controlled by several factors. Depth, faulting, groundwater
recharge, and stratigraphy are the dominant controls
(Kharaka and Hanor 2004; Gillespie et al. 2017). Generally,
salinity increases with depth due to the water at depth having
more time to interact with the rock and being less likely to be
flushed by meteoric recharge. Faulting can provide preferen-
tial pathways for fluid migration or inhibit fluid flow via fault
gouge, or by displacement causing nonpermeable beds to lie
adjacent to permeable beds. Bedding planes, especially re-
gionally extensive clay layers, are stratigraphic factors that
can influence groundwater flow paths allowing for isolation
of aquifer layers from one another. Faulting and stratigraphy
can also influence movement of meteoric groundwater re-
charge, which typically has lower salinity than connate wa-
ter—particularly in formations deposited in marine environ-
ments. Freshwater recharge likely becomes more significant
when the recharge source is proximal. Characterizing these
factors is necessary for designing data collection and analy-
sis—for example, collecting data above and below low-
permeability sediments is vital to model a salinity distribution
accurately.

Formation data from Fig. 2 is superimposed onto the
groundwater TDS cross section to investigate the factors

Fig. 7 Contoured elevation of the
10,000 ppm TDS surface
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controlling TDS in the study area (Fig. 8). Contours of ground-
water elevation data from the California Department of Water
Resources (DWR) show the water table in the study area slop-
ing away from the Kern River, demonstrating that it is a signif-
icant source of groundwater recharge in the area (Fig. S6 of the
ESM). The deepening of the 10,000 ppm TDS surface toward
the river shown in Fig. 7 is consistent with deep hydraulic
connections beneath the river, allowing freshwater input to re-
place the more saline connate water. However, the TDS surface
slope is not orthogonal to the river, possibly due to groundwater
flow complexities along fault planes and offsets (Fig. S7 of the
ESM) and/or the orientation of theMacomaClaystone pinching
out to the south-southeast (Figs. 2 and 8).

In the Fruitvale Calloway area (center of the cross section,
Fig. 8), the surfaces of equal TDS approximately parallel the
stratigraphy, which suggests the TDS structure in this area
may be controlled by the stratigraphy. However, it is notable
that a large range of TDS values exist laterally within the same
formation (Chanac, deepest formation on cross-section);
therefore, robust stratigraphic control cannot be assumed to
always extend laterally. In this case, the Macoma Claystone
in the lower Etchegoin Formation thins to the east (Figs. 2 and
8) and becomes less significant in its role as a confining layer,
which may be the reason for stronger stratigraphic control in
the west where the Macoma Clay is thicker and more
consistent.

The TDS distribution may also be fault controlled toward
the northwest. A major normal fault in the area is near the
highest TDS lateral gradient between the Calloway area in
northwest Fruitvale and the Rosedale Ranch area. A
geologic cross section from Bartow (1984) shows a normal
fault between the Fruitvale and Rosedale Ranch fields.
However, the fault is not shown to penetrate the shallower part
of the stratigraphic section shown on the TDS cross section. It
may be that the major fault extends further up-section than
shown in Bartow’s (1984) cross section, as faults commonly
are difficult to map in fluvial sediments due to the lack of
lateral continuity of these deposits. More evidence of these
faults is explained in Saleeby et al. (2013), where normal
faulting in this area is tied to southern Sierra Nevada
delamination.

Additionally, Betts (1955) reports that Rosedale Ranch oil
accumulations are structurally separated from Fruitvale reser-
voirs, resulting in Rosedale Ranch being designated as a sep-
arate oil field. The faults mapped within the Rosedale Ranch
field, where well control is greater, offset layers at the same
depths as the abrupt TDS gradient. Vertical displacements and
fault gouge likely render these faults fluid barriers (Betts
1955). Low-permeability fault planes are common in low
net sand-to-gross interval areas with high shale content. The
hydraulic isolation provided by the major and minor faults in
the area coupled with the presence of the thick, laterally

 Kern River Fm

 Etchegoin top

 Macoma top

 Chanac top

 Mid Kernco top

Fig. 8 Cross section from Fig. 1 showing groundwater TDS values with
formation data superimposed from Fig. 2. It appears that TDS is fault
controlled in the northwest, stratigraphically controlled in the center of the

section, and freshened by meteoric recharge from the Kern River toward
the southeast. Vertical exaggeration is 3.7
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extensive Macoma Claystone in the western part of the study
area likely prevents freshwater recharge into the Rosedale
Ranch field. This has resulted in groundwater with higher
TDS at more shallow depths than waters in Fruitvale, thus
suggesting that the larger Miocene faults within the study area
have a significant influence on groundwater TDS structure—
particularly in areas with thick, extensive clay layers. Future
work could incorporate seismic data to confirm the role of
faulting on salinity structure.

Conclusions

Groundwater salinity in the Fruitvale and Rosedale Ranch area
varies significantly. The 10,000 ppmTDS boundary is reached
at ~1,067 m (3,500 ft) in Rosedale Ranch and deepens to the
southeast in Fruitvale to ~1,341 m (4,400 ft). The salinity
variations are used to examine the factors that control ground-
water salinity distributions. During larger-scale investigations,
these variations are difficult to assess, and the factors cannot
easily be considered; however, field-scale analyses with dens-
er data sets can reveal the specifics of salinity distributions.

This study provides a realistic and effective approach to
quantify formation water TDS with borehole geophysics and
produced water geochemistry. Porosity and temperature
models can help describe the gradients of these parameters
needed to estimate salinity. The bicarbonate model demon-
strates a method to estimate TDS using resistivity logs in
zones with different water types. Measured geochemical
data can be used to find optimal parameterizations for
petrophysical equations through comparisons with the ground
truth data at specific locations. Facies changes and lateral var-
iability of permeability can require different a and m values—
even within field-scale investigations. This study demon-
strates faulting can significantly influence groundwater flow
paths and thus cause significant salinity differences over rela-
tively short distances. Therefore, it is vital to collect TDS data
around known faults and low-permeable layers to ensure an
accurate analysis. While the present study maps groundwater
salinity in and around oil fields, it is expected that the method
will be useful in any area with sufficient borehole geophysical
log and water geochemistry coverage, leading to better salinity
mapping to support groundwater quality management.
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