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ABSTRACT: Prior to embarking on a laboratory and subsequently pilot test for a potential improved oil recovery
scheme in a green or brown field, it is important to have a sense of potential gains from the available options. This
is usually done using correlations. Whereas there had been existing models for use in making these approximations,
this work has developed a robust correlation for use in estimating the potential reduction in residual oil saturation
post Optimized Salinity Water flooding (OPTSWF) (and consequently additional recovery) as a function of change
in Interfacial tension (IFT), change in salinity, porosity, permeability, start residual oil saturation, and API gravity
of the crude oil. This was done for a field in the Niger Delta. The model was tested against available data and
showed good correlation with a correlation coefficient ranging from 99.36% to 99.89%. Also, the performance of
the model was tested alongside that proposed by Tripathy et. al and in all cases, the model developed by this work
performed better with lower RMS errors.

Keywords: Improved Oil Recovery, Optimized Salinity Water flooding, Niger Delta, Modeling.

1. INTRODUCTION

Water flooding is a secondary recovery scheme employed for optimal development of oilfields.
This practice dates as far as the 1800s [1] Owing to its relative abundance, seawater with some
treatment (for compatibility and to prevent formation damage) is one of the fluids employed for
the injection.

The process typically entails the injection of water using dedicated injection wells for the
following benefits:

Voidage replacement leading to reservoir pressure maintenance

Better volumetric sweep efficiencies

Improved reserves, recoveries and project economics

Effective management of produced water

Energy security for coming generations

Improved geomechanics or prevention of subsidence resulting from formation
compaction (In cases where formations have high compressibilities)

Water flooding is a secondary recovery scheme which involves the injection of water into the
reservoir to supplement the primary reservoir energy lost due to production by maintaining the
reservoir pressure and also sweeping more oil towards the production wells. This has resulted
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in improving recoveries up to 40-60% of the original oil in place [2]. Figure 1 depicts a typical
water flooding scheme with surface and Sub-Surface processes.
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Flgure 1 Waterfloodlng Schematic.

Low Salinity Waterflooding (LSWF), entails the use of diluted/Low Salinity Water (LSW)
(500ppm-5000ppm of total dissolved solids ) for injection instead of conventional sea water
(35000ppm) or reservoir brine. Other names for LSWF in literature include; Smart
Waterflooding, LoSal, Advanced lon Management or lon Tuning [3]. The author prefers to
refer to the process as Optimized Salinity Water Flooding (OPTSWE).

Among many attempts which have been made to model the effects of LSWF, the one proposed
by Jerauld et al. [4] stands out. Their model which is based on the results of several core flood
studies involving varying salinities of injection and connate brine. They observed that above
and below a certain High Salinity (HS) and Low Salinity (LS) threshold, the injection brine
salinity had no effect on oil recovery. The model assumes a linear dependence of relative
permeability and capillary pressure on salinity between the thresholds. Equations 1 to 4 spell
out the relationships. These equations have been successfully applied to history match LSWF
experiments and field observations, [4, 5].

k. = 0k (S*) + (1 — 0)ki3,(S) )
krow = 0k, (S*) + (1 — 0)k73,,(S™) (2)
Poow = epgégw(s ) + (1 O)Pcow(S*) (3)

_ Sorw = Serw 4)
Sgr‘?w - Sg‘rs:w
St = So — Sorw (5)
1- Swr - Sorw

Tripathi and Mohanty, [6] in their attempt to model the LSWF process also adopted a linear
dependence of relative permeability’s, residual oil saturation and Corey’s oil exponent on salt
concentration. They then validated their model by using experimental data.

X, — XS (6)

S (X ) — SLS +—(5LS_5HS
or\“c or X%S — XLI.{S or or
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X, — XL (7)
Ko (X) = K, + s (kES, — IS
c c
X, — XL (8)
n,(X,) =n’ + X—L§ — XCHS (n&S — nf¥)
c c

In applying the above models, Tripathi et al., [6] used Corey’s equation [7] to model relative
permeability and that of Skjaeveland [8] to generate capillary pressure curves. Relative
permeabilities can also be derived using the Johnson-Bossler-Naumann (JBN) method or and
the Jones and Roszelle (JR) technique from unsteady state flow experiments like core flooding,

[9].

k., = k?w(S:v)nw (9)
k., = quo(l - S:V)no (10)
* Sw—Swr (12)
Sw=1Ts., s
wr or
p,=— % Co (12)
¢ (Sw _ Swi)aw (1 _ Sw _ Sor)ao
1-S,; 1-S,-

Whereas many authors have attributed the observed LSE to an interplay of forces within the
COBR system, both models do not account for the crude oil properties, pore structure
parameters (porosity and permeability) and crude-brine interfacial tension, IFT.

More so, the current modeling approach of LSWF in literature is based on a linear dependence
of rock and fluid properties on salinity, [6, 4]. The adoption of a linear relationship while easy
to implement can lead to over simplification. It would be interesting to explore alternative and
improved models and compare the obtained results with that currently in use.

Also, Al-Shalabi and Sepehrnoori [10] stressed that in modeling LSWF, emphasis should be
placed on the oil composition so as to take into account possible reactions that could impact on
the outcome of the LSWF scheme.

The objective of this research work is to develop robust correlations which incorporates
parameters linked with the crude oil, water and rock properties for use in estimating the
performance of OPSWF at the core scale. These correlations can then be used to screen potential
OPSWEF candidate fields before embarking on the expensive and time consuming laboratory
experiments and pilot tests.

2. METHODOLOGY

This research adopted a mathematical modelling framework for use in obtaining robust
correlations.

As emphasized by [11] the following parameters have been identified as impactful to the
observed LSE effect in Niger Delta system;

I. Change in IFT, AIFT
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ii. Change in Salinity, ASAL
iii. PV of injected brine, PV;,;
iv. Porosity of core, @
v. Core Permeability, K
vi. Oil Saturation at start of OPTSWF S, and
vii. API gravity of crude oil. API

The formulation of the proposed equation is presented as:
AS,y = Co + C1(ASAL)(AIFT) + C2PVnj + C3K® + C4APISos (13)

Where C,, Cy,C,, C3 and C, are empirical constants derived from regressing OPTSWF
experimental data.

A50r= C0+C1X1+C2X2+C3X3+C4_X4 (14)

Where X; = (ASAL)(AIFT), X, = PViyj, X5 = K® X, = API%os
Discretizing,

ASori = CoXoi + C1Xq; + C2X3; + C3X3; + C4 Xy, (15)
For a data set of i = i to n, we have an n by 5 matrix for AS,,,;.

Let X equal to the n x 5 matrix containing Xy, to X4,-

Xo1 X111 X1z Xiz Xia
Xoz Xa1 Xa2 Xz Xou
X =|Xo3 X31 X3z X33 X34

on an XnZ Xn3 Xn4

Let y be the vector of experimental observations of AS,,; (i = 1 to n).

ASor1
ASora

y =|[ASor3

ASorn
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To solve for the constants C, C, C,, C3 and C,, we can make use of the normal equation [12]
as follows;

2.1. Data for Study

C=X"x)"1.(XTy)

(16)

The data for study were sourced from [11] and is presented in Table 1 and Error! Reference
source not found.. It can be observed thatn = 16.

Table 1. Raw Experimental Data.

SINO SALT AIFT ASAL PVINJ K PHI API SOS ASOR DRF
1 NACL 62.60 | 5000.00 1.00 298.10 0.20 26.25 0.51 0.08 0.09
2 NACL 60.50 | 2500.00 0.50 298.10 0.20 26.25 0.51 0.02 0.03
3 NACL 58.50 | 1000.00 0.50 298.10 0.20 26.25 0.51 0.04 0.04
4 NACL 55.30 625.00 0.38 298.10 0.20 26.25 0.51 0.01 0.01
5 K2S04 55.30 | 5000.00 1.65 274.00 0.23 26.25 0.63 0.10 0.10
6 K2S04 54.60 | 2500.00 1.05 274.00 0.23 26.25 0.63 0.04 0.04
7 K2S04 54.50 | 1000.00 0.60 274.00 0.23 26.25 0.63 0.01 0.01
8 K2S04 52.60 625.00 0.45 274.00 0.23 26.25 0.63 0.01 0.01
9 CACL2 51.90 | 5000.00 1.77 268.00 0.22 26.25 0.62 0.19 0.21
10 CACL2 46.50 | 2500.00 1.13 268.00 0.22 26.25 0.62 0.04 0.05
11 CACL2 44.80 | 1000.00 0.65 268.00 0.22 26.25 0.62 0.03 0.03
12 CACL2 43.60 625.00 0.48 268.00 0.22 26.25 0.62 0.01 0.02
13 MGSO4 | 55.50 | 5000.00 0.95 293.00 0.20 26.25 0.70 0.18 0.19
14 MGS0O4 | 53.20 | 2500.00 1.07 293.00 0.20 26.25 0.70 0.10 0.10
15 MGSO4 | 51.90 | 1000.00 0.71 293.00 0.20 26.25 0.70 0.02 0.02
16 MGSO4 | 48.90 625.00 0.12 293.00 0.20 26.25 0.70 0.00 0.00

Table 2. Refined experimental data ready for modeling.
i X0 | X1=DIFT*DSAL/100000 | X2=PVINJ | X3=K~PHI | X4=API"SOS | Y=DSOR_EXP
1 1 3.13 1.00 3.13 5.25 0.08
2 1 1.51 0.50 3.13 5.25 0.02
3 1 0.59 0.50 3.13 5.25 0.04
4 1 0.35 0.38 3.13 5.25 0.01
5 1 2.77 1.65 3.64 7.78 0.10
6 1 1.37 1.05 3.64 7.78 0.04
7 1 0.55 0.60 3.64 7.78 0.01
8 1 0.33 0.45 3.64 7.78 0.01
9 1 2.60 1.77 3.42 7.68 0.19
10 1 1.16 1.13 3.42 7.68 0.04
11 1 0.45 0.65 3.42 7.68 0.03
12 1 0.27 0.48 3.42 7.68 0.01
13 1 2.78 0.95 3.11 9.80 0.18
14 1 1.33 1.07 3.11 9.80 0.10
15 1 0.52 0.71 3.11 9.80 0.02
16 1 0.31 0.12 3.11 9.80 0.00

3. RESULTS/ DISCUSSIONS

3.1. Correlation for Four Brines - NACL, K2S04, CACL2, MGS0O4
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The normal equation 16 was applied to the data set presented in Table 2 to obtain the correlation
coefficients in Error! Reference source not found. Equation 17 is obtained by substituting
these parameters in equation 13. Figure 2 shows a comparison of the model calculated and
experimentally derived change in oil saturation and the match is very good with the trend
closely followed. The error margin is 0.64%.

Table 3. Correlation Parameters for All Salts.

DSOR_ALL

c0 | 0.110045
cl | 0.027029
c2 | 0.061203
c3 | -0.05858
c4 | 0.007361

ASorar, = 0.110045 + 0.027029(ASAL) (AIFT) + 0.061203PV;,; — 0.05858K° +
0.007361API5s (17)

Change in Oil Saturation - Experimental & Calculated

0,40
—@—DSOR_EXP
0,35
DSOR_CALC
0,30
N
5 0,25
(7]
£ 0,20
()
2
< 0,15
S
0,10
o0 \/\,/\ \\ \\‘
0,00 ‘ A
0 2 4 6 8 10 12 14 16 18

Data Points

Figure 2. Experimental DSOR vs Model DSOR - Al Salts.

3.2. Correlation for NACL

The normal equation 16 was applied to the data set presented in Table 4 to obtain the correlation
coefficients in Table 5. Equation 18 is obtained by substituting these parameters in equation 13.
Figure 3 and Table 6 show a comparison of the model calculated and experimentally derived

change in oil saturation and the match is very good with the trend closely followed. The error
margin is 0.25%.

Table 4. NACL Experimental Data.

SAL, R _ o CAoin Y=
opni | X0 | X1=DIFT*DSAL/100000 | X2=PVINJ | X3=KAPHI | X4=APINSOS | b ovn
5000 | 1 3.13 1.00 313 5.25 8%
2500 | 1 151 0.50 313 5.25 2%
1250 | 1 0.59 0.50 313 5.25 4%
625 | 1 0.35 0.38 313 5.25 1%
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Table 5: Correlation Parameters for NaCl.

DSOR_NACL
c0 -0.00127
cl -0.01869
c2 0.188801
c3 -0.00398
c4 -0.00667

ASgrnacy = —0.00127 — 0.01869(ASAL)(AIFT) + 0.188801PV ,; — 0.00398K® —

0.00667API5s

(18)

Table 6. Experimental Vs Model Calculated DSOR — NACL

DSAL

DSOR_EXP

DSOR_CALC

5000

8%

8%

2500

2%

2%

1000

4%

3%

625

1%

2%

NACL - Change in Sor_Exp. vs Calc.

0,20

o
=
"

o
=
o

Change in Sor, %

o
[=)
G

0,00 J

0 1000

2000 3000

—@— DSOR_EXP
DSOR_CALC

Y

/\/

4000 5000 6000

Salinity, ppm

Figure 3. Expermmental DSOR Vs Model DSOR — NACL.

3.3. Correlation for K2SO4

The normal equation 16 was applied to the data set presented in Table 7 to obtain the correlation
coefficients in Table 8. Equation 19 is obtained by substituting these parameters in equation 13.
Figure 4 and Table 9 show a comparison of the model calculated and experimentally derived
change in oil saturation and the match is very good with the trend closely followed. The error

margin is 0.11%.
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TABLE 7. K2504 Experimental Data.

SINO | X0 | X1=DIFT*DSAL/100000 | X2=PVINJ | X3=K~PHI | X4=API"SOS | Y =DSOR_EXP
5000 1 2.77 1.65 3.64 7.78 10%
2500 1 1.37 1.05 3.64 7.78 4%
1250 1 0.55 0.60 3.64 7.78 1%
625 1 0.33 0.45 3.64 7.78 1%
Table 8. Correlation Parameters for K2SO4.

DSOR_K2S04

c0 0.000326

cl 0.086268

c2 -0.09883

c3 0.001187

c4 0.002537

ASork,s0, = 0.000326 — 0.086268(ASAL)(AIFT) — 0.09883PV;,; + 0. 001187K° +
0.02537API50s

0,20

o
=
"

Change in Sor, %
o
=
o

0,05

0,00

Table 9. Experimental Vs Model Calculated DSOR — K2SO4.

DSAL | DSOR_EXP | DSOR_CALC
5000 10% 10%
2500 4% 4%

1000 1% 1%

625 1% 1%

K2S04 - Change in Sor_Exp. vs Calc.

0 1000

2000 3000

Salinity, ppm

4000

(19)

—@— DSOR_EXP

DSOR_CALC

5000

Figure 4. Experimental DSOR vs Model DSOR — K2S0O4.

3.4. Correlation for CACL2

6000

The normal equation 16 was applied to the data set presented in Table 10 to obtain the
correlation coefficients in Table 11. Equation 20 is obtained by substituting these parameters in
equation 13. Figure 5 and Table 12 show a comparison of the model calculated and
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experimentally derived change in oil saturation and the match is very good with the trend
closely followed. The error margin is 0.37%.

Table 10. CACL2 Experimental Data.

S/INO | X0 | X1=DIFT*DSAL/100000 | X2=PVINJ | X3=K~PHI | X4=API*SOS | Y =DSOR_EXP
5000 1 2.60 1.77 3.42 7.68 19%
2500 1 1.16 1.13 3.42 7.68 4%
1250 1 0.45 0.65 3.42 7.68 3%
625 1 0.27 0.48 3.42 7.68 1%

Table 11. Correlation Parameters for CACL2

DSOR_CACL?2
cO 0.001097
cl 0.204884
c2 -0.23879
c3 0.003751
c4 0.008423

ASorcact, = 0.001097 + 0.204884(ASAL)(AIFT) — 0.23879PV ,; + 0. 003751K?% +
0.008423API5°s

Table 12. Experimental vs Model Calculated DSOR — CACL2.

DSAL | DSOR_EXP | DSOR_CALC
5000 19% 19%
2500 4% 5%

1000 3% 2%

625 1% 2%

CaCl2 - Change in Sor_Exp. vs Calc.

0,20
—@—DSOR_EXP
x 0,15
s]
(%]
£ 0,10
(0]
oo
[
©
<
© 0,05
(4
0,00
0 1000 2000 3000 4000 5000
Salinity, ppm

Figure 5: Experimental DSOR vs Model DSOR — CACL2.
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3.5. Correlation for MGSO4

The normal equation 16 was applied to the data set presented in Table 13 to obtain the
correlation coefficients in Table 14. Equation 21 is obtained by substituting these parameters in
equation 13. Figure 6 and Table 15 show a comparison of the model calculated and
experimentally derived change in oil saturation and the match is very good with the trend
closely followed. The error margin is 0.37%.

Table 13. MGSO4 Experimental Data.

S/INO | XO X1=DIFT*DSAL/100000 X2=PVINJ X3=K"PHI X4=API"SOS DSO\F(Q_EXP
5000 1 2.78 0.95 3.11 9.80 18%
2500 1 1.33 1.07 3.11 9.80 10%
1250 1 0.52 0.71 3.11 9.80 2%
625 1 0.31 0.12 3.11 9.80 0%
Table 14. Correlation Parameters for MGSOA4.
DSOR_MGS0O4
c0 -0.00026
cl 0.064583
c2 0.031848
c3 -0.0008
c4 -0.00252
S,,,.MGSO4 = —0.00026 + 0.064583(ASAL)(AIFT) + 0. 03184—8PVl-n]- —0.0008K" —

0.00252AP[%

Change in Sor, %

0,20
0,18
0,16
0,14
0,12
0,10
0,08
0,06
0,04
0,02
0,00

Table 15. Experimental vs Model Calculated DSOR — MGSO4.

DSAL | DSOR_EXP | DSOR_CALC
5000 18% 18%
2500 10% 9%

1000 2% 3%
625 0% 0%

MGSO4 - Change in Sor_Exp. vs Calc.

L 4

e

1000

Figure 6. Experimental DSOR vs Model DSOR — MGSO4.

2000

3000

4000

Salinity, ppm

110

5000
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6000
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Derived Model vs Tripathy and Mohanty’s Model

The derived model for the four salts was compared with an existing one [6] and the results for
the four salts are presented in Figure 7, Figure 8, Figure 9 and Figure 10. It is to be noted that
the model derived by this work shows consistently better match with the observed experimental

results. Table 16 summarizes the error comparison between the model from this work and that

from [6].
NACL - Change in Sor_Exp. vs Calc.
20%
—@—DSOR_EXP
N
> 15% —@— DSOR_CALC
<) DSORTM
wn
£ 10%
Q
g
c
5 Mv
(&)
0% '
0 1000 2000 3000 4000 5000 6000
Salinity, ppm
Figure 7. Comparison between Derived Model and Tripathi and Mohanty’s — NACL.
K2S04 - Change in Sor_Exp. vs Calc.
18%
N
5 13%
wv
£
o 8%
oo
o /DSOR_EXP
S 3% T —8—DSOR_CALC
[ —
DSORTM
-2%
0 1000 2000 3000 4000 5000 6000

Change in Sor, %

Salinity, ppm

Figure 8. Comparison between Derived Model and Tripathi and Mohanty’s — K2SO4.

CaCl2 - Change in Sor_Exp. vs Calc.

20%
15% /
10%

5%

0,
0% —@— DSOR_EXP

5% ——DSOR_CALC
DSORTM
-10%
0 1000 2000 3000 4000 5000 6000
Salinity, ppm

Figure 9. Comparison Between Derived Model and Tripathi and Mohanty’s — CACL2.
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MGSO4 - Change in Sor_Exp. vs Calc.

/

21%
16%

11%

Change in Sor, %

-4%
0 1000

6%
. /

2000 3000
Salinity, ppm

/

—@— DSOR_EXP

4000

DSOR_CALC
DSORTM

5000

Figure 10. Comparison between Derived Model and Tripathi and Mohanty’s — MGSO4.

Table 16: Error Comparison between This Model and Tripathi and Mahanty’s Model.

BRINE | ERROR_THIS MODEL | ERROR_T&M
NACL 0.25% 0.93%
K2S04 0.11% 5.23%
CACL2 0.37% 1.03%
MGSO4 0.31% 3.03%

4. CONCLUSION and RECOMMENDATIONS

In conclusion, robust models which have integrated both rock and fluid properties have been
developed for the estimation of potential reduction in residual oil saturation post-OPSWF for
four salts and these have been tested with very good matches with laboratory data. The
performance of the models were also compared with a previously existing model and in all
cases, the models developed in this work produced better results with lower error margins when
compared with the previously existing model. Areas of applications would include screening
of IOR candidates to estimate potential gains by implementing the OPTSWF scheme and
benchmarking laboratory results. In contrast to existing models, the models developed in this

work takes into account the brine, rock and crude oil properties.

The following areas can be taken up for further studies

1. Integrate additional experiments and update model

2. Test developed model on data from other authors across globe
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NOMENCLATURE

0 - Interpolation Parameter

T - Pore Radius

q- Flow Rate of Injection

k - Absolute Permeability

PVipj - PV Brine Injected

API - API Gravity of Crude Qil
SWCTT - Single Well Chemical Tracer Test
PV - Pore Volume

PPM - Parts per Million

OPTSWEF - Optimized Salinity Water flooding
NPV - Net Present Value

LSWF - Low Salinity Water Flooding
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IRR - Internal Rate of Return

IFT - Interfacial Tension

COBR - Crude Oil-Brine-Rock

CBRS - Crude Qil-Brine-Rock System

CBR - Crude-Brine-Rock

ASAL - Change in Salinity

AIFT - Change in IFT

0 - Porosity

Oow - Oil-Water Interfacial Tension, IFT

Uy - Water viscosity

U - Oil Viscosity

n, - Corey’s oil Parameter

nks - Corey’s oil Parameter at LS Condition
nlts - Corey’s oil Parameter at HS Condition
ny,(X,) - Corey’s Qil Parameter

n, - Corey’s oil Parameter

kLS - Relative Permeability to Water at LS Condition
kHS - Relative Permeability to Water at HS Condition
k(X)) - Relative Permeability to Water as a Function of Salinity
Kpw - Relative Permeability to Water

kro - Relative Permeability to Qil

Cw - Water Compressibility

Cy - Oil Compressibility

XLS - Brine Salinity at LS Condition

XHS - Brine Salinity at HS Condition

X, - Brine Salinity

Swr - Residual water saturation

Swi - Initial Water Saturation

Sw - Average water saturation

Sos - Oil saturation at start of OPTSWF

SLs Residual Qil Saturation Post-LS Flooding
SHs . Residual Qil Saturation Post-HS Flooding
Sor(X,) - Oil Saturation as a Function of Salinity
Sor - Residual Oil Saturation

Sy - Oil Saturation

P, - Capillary Pressure
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