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Abstract

Anoo Sebastign Efféct of Water Chemistry on Polymer Retention in Carbonate
Reservoirs under Harsh Condition® PhD DissertationPhD in EngineeringDepartment of
Chemical and Petroleum Engineerifdhalifa Universityof Science andechnology United
Arab EmiratesPecembe2023.

Polymer flooding is one of the most effective chemical EOR method and has been successfully
applied in many sandstone reservoirs worldwide. In this process, aheasts solution
containing longchain polymer molecules is injected into the reservoir doice the mobility

ratio between the injected fluid (water) and the displaced fluid (oil); thus, improving the sweep
efficiency and increasing the amount of oil recovered. In recent years, polymer flooding has
emerged as a promising enhanced oil recovetynigue in carbonate reservoirs of the Middle

East due to the development of novel polymers that can withstand the harsh conditions in these
reservoirs. One of the significant challenges of polymer flooding is polymer retention affecting
the economics anithe performance of a polym#poding project.

The main objective of this research is to investigate the effect of water chemistry
(salinity and ionic compositions) to reduce polymer retention in carbonates at representative
reservoir conditions. SAV10, an ATBS based polymer that showed significhititystat high
temperature and salinity, was considered. The water chemistry of theumakiee was altered
by reducing the salinity of both typical formation water and seawater in carbonates under harsh
conditions. Furthermore, varying the ionic compiosi of C&*, Mg?*, and S@ was also
investigated to reduce polymer adsorption. A significant aspect of the study was the assessment
of polymer adsorption when oil was present, and the influence of temperature on polymer
retention. Furthermore, polymer adsorption was quantifiedyusath static adsorption tests on
crushed Indiana limestone outcrop and dynamic retention test on the same Indiana limestone
outcrop core plugs. Finally, a correlation was developed between static adsorption and dynamic
polymerretention.

Twelve proposed brine recipes including both water dilution and ion manipulation
effects were selected. The rheology of the polymer was closely studied, emphasizing shear
rampup tests, varied polymer concentration, salinity, ionic compositions, and &someeto
study their effecon polymer solution viscosities. The hydrodynamic size and polydispersity
index of the polymers were determined at varying conditions. Various analytical methods
including UV-Vis, TOGTN, and viscosity, employed for determinipglymer concentrations
were compared to identify the most accurate and consistent technique. Static and dynamic
retention studies were conducted to study the effect of salinity, ionic compositions, and
temperature on polymer retention. Moreover, additiatatic adsorption experiments were
performed at the same experimental conditioictuding surface access, ligeioksolid ratio,
retention time, makep water salinity and temperature as that of dynamic retention tests. Based
on these results, a corretan was developed between static adsorption and dynamic retention
with the application of Machinedarning algorithms and symbolic regression.

To investigate the effect of salinity on polymer retention, dilutions of formation water
salinity (167,114 ppm) and seawater salinity (42,507 ppm) were first studied, which are



representative of a Middle East reservoir. Initially, static adsorption studies were conducted as
the preliminary screening study. This was followed by dynamic retention studies in the absence
of oil as well as in the presence of oil onwikt cores to diain representative polymer retention
values. All the experiments were performed at ambient temperature conditions. Both static and
dynamic polymer retention studies showed reduced retention levels below a salinity of 10,000
ppm in the absence and preseoteil. Moreover, in the presence of dhe polymer retention

was less compared to its absence. The dynamic polymer retention was ibgkgfgr
seawater dilution of 425 ppm salinity compared to 26 gk for high salinity formation

water (167,114 ppm) in oil wet cores.

Furthermore, the effect of ionic compositions on polymer retention was studied using
brines derived from seawater of salinity 8,502 ppm with varying concentratiorf oi\@zt™,
and SQ@?. The investigation included static adsorption studies as well as dynamic retention
experiments in the absence and presence of oil at ambient conditions. A reduction in static and
dynamic polymer retention was observed with reduced hardness levels. Hnecpolymer
retention for complete softened brine (0 ppm of'GaMg?) in the presence of oil was 20
Hg/grock, whereas the dynamic retention value for the brine composition with hardness ions
(425 ppm of C& + Mg?") was 26 pg/gock. Analyzing the low polymer retention values
obtained based on water dilution and-raodification, diluted brine compositions showed
lower retention (14 pgtgock) compared to softened brine composition (20 {tgdk) in the
presence obil. When considering largscale applications, it is simpler to formulate a diluted
brine recipe than teary ionic compositions at the field scale. Hence, diluted brine composition
was recommended as preferred solution.

In highttemperature conditions, the study investigated the static and dynamic retention
of polymer in low salinity brine (425 ppm) compared to high salinity (167,114 ppm). Static
adsorption showed decreasing polymer adsorptionimgéteasingemperatures in both salinity
levels. However, dynamic polymer retention remained stable across various temperatures (25,
40, 60, 80, and 90°C) for both salinities, attributed to the stability of polymer at high
temperature. Despite this stability, the ypoer's hydrodynamic size reduction at high
temperatures leads to increased retentim.the other hand,igh temperatures weaken the
intermolecular forces between polymer and rock, reducing retention, which is more apparent
in static adsorption due to giter surface area. In dynamic coreflooding, where surface area is
less, these effects balance out, resulting in minimal temperature impact on retention. At 90°C,
mimicking reservoir conditions, polymer retention in low salinity (425 ppm) was 12rpgky

For effective polymer flooding design, precise polymer retention measurement is
crucial. The final objective aimed to correlate static and dynamic retention values. Using
crushed rock powder, static adsorption experiments ea@rducted ensuringsimilar surface
accesso that of the core plugs used for dynamic retention studies. Predicting dynamic retention
involved machine learning and symbolic regression, initially focusing on static adsorption
values. All treebased models exhibited superior performangeredicting dynamic retention
demonstrating Rvalues of 0.95 0.98 and 0.91 0.95 for training and testingespectively,
with respective mean absolute errttAE) androot mean squardR(ViS) errorvalues in the
rangeof 6.1371 8.17 and 8.10 9.83. Further analysis included variables like TDS, pore throat
size, residual oil saturation, and temperature. This holistic approach, encompassing more
parameters, improved accuracy, as evidenced by HighlRes (0.98 1.00 for testing, 0.97
0.98 for traimng) and lower MAE and RMS range$2.971 4.26 and 3.71 5.31, respectively.
Symbolic regression, applied fare two distinct approaches, yielded explicit equations with



R? values of 0.95 and 0.98, though the latter had a higher RMS (19.82 vs. 6.84). Nevertheless,
the second approachsing different influential variablegaptured a broader range of
influencing factorsrenderingt more valuable for practical applications.

This research is among the very few works that investigate the efiegaifon water
chemistry, including both water dilution and tovodification, on polymer adsorption in
carbonates under harsh conditiasfshigh temperature and high salinitiyurthermore, the
developed correlation could determine representative polymer retention levels at reservoir
conditions based on static tests, which save the time and efforts spent in dynamic retention
tests.

Indexing Terms: Static Polymer Adsorption; Dynamic Polymer Retention; Low Salinity
Polymer Flooding; Carbonates; Correlation



Publications

Elhossary, D.A.Sebastian, A, Alameri, W., and AlShalabi, E.W., 2021. Bulk Rheology and
Injectivity Assessments of Potential Biopolymer and Synthetic Polymer for Applications in
Carbonates Under Harsh Conditions. Paper SPE 208195Abu Dhabi International
PetroleumExhibition,& Conferenc ADIPEC), Abu Dhabi, UAE.

Sebastian, A, Mushtaq, M., AlShalabi, E.W., AlAmeri, W., Mohanty, K., Masalmeh, S., and
AlSumaiti, A.M., 2022a. Effect of Mak&lp Water Salinity on Polymer Adsorption in
Carbonate Reservoirs. Paper SPE 209888, SPE Annual TechnicaConferenceand
Exhibition(ATCE) Houston, Texas, USA.

Sebastian, A, Mushtaq, M., AlShalabi, BN., AIAmeri, W., Mohanty, K., Masalmeh, S., and
AlSumaiti, AM., 2022b. Effect of Water Softening on Polymer Adsorption on Carbonates
Through SinglePhase and Tw®&hase Studies. Paper SPE 2114M&, Abu Dhabi
International Petroleum Exhibition & Conferen(@DIPEC), Abu Dhabi, UAE.

HernandeaMorales, A., Mushtag, M.Sebastian, A, Al-Shalabi, BWV., and AlAmeri, W.,

2023. Laboratory Assessment of Rock Wettability Effect on Polymer Retention in Carbonates.
Paper SPE 21344@S, Middle East Oil, Gasand Geosciences ShqWEOS GEO)Manama,
Bahrain

Sebastian, A, Mushtaq, M., AlShalabi, BN., AlAmeri, W., Mohanty, K., Masalmeh, S., and
AlSumaiti, AM., 202Z3. Comparison of Different Methods to Evaluate the Effect of
Temperature on Polymer Retention and Degradation in the Presence and Absence of Oil on
Carbonate OutcropfapelSPE216662MS, Abu Dhabi International Petroleuixhibition&
Conferenc€ ADIPEC), Abu Dhabi, UAE.

Sebastian, A, Mushtaq, M., AlShalabi, BV., AlAmeri, W., Mohanty, K., Masalmeh, S., and
AlSumaiti, AM., 2023 Investigating the Effect of Water Softening on Polymer Adsorption
onto Carbonates through Singdhase and Tw&hase ExperimentSPE Journal(In-Pres9

Vi



Acknowledgemens

Firstand foremost, | would like to express my deepest gratitude to my Ph.D. advisor, Dr. Emad
W. Al Shalabi, without whom this journey would neither have begun nor reached its
conclusion. From the very inception of my research until its final submissionphssant
support, guidance, and encouragement have been invaluable and steered my work towards its
conclusion. Our weekly meetings stand as a testament to his unwavering commitment to my
research and my personal and professional growth. His commitmerdeiteage and belief
in my potential consistently urged me to sharpen my understanding and strive for clarity and
precision in my arguments. | am equally indebted to myadwasor, Dr. Waleed AlAmeri,
whoseinsightsand expertise have been instrumental in shaping this research. Despite his
demanding schedule, he never wavered in his commitment to guiding and supporting me
throughout this journey. His suggestions and feedback have been indispensable to the progress
ard quality of my work.

| would like to express my profound gratitude to the Research Supervisory Committee
(RSC) members for their invaluable guidance, persistent support, and consistent
encouragement throughout the course of my research journey. A special acknowledgment is
reseved for Professor Kishore Mohanty, as a preeminent expert in my research area, his
insights have augmented the quality of my work. Every input from Professor Mohanty was a
lesson in precision, depth, and excellence. In the same breath, | would likeerio exy
heartfelt gratitude to RSC members Dr. Md Motiur Rahman and Professor Saeed Alhassan.
Their meticulous feedback during our research progress meetings was invaluable. Their
thoughtful suggestions, critical evaluations, and continuous support wetalpiv refining
my work and steering it in the right direction

A sincere note of thanks to ADNOC for funding this project. | am particularly thankful
to Dr. Shehadeh Masalmeh and Dr. Ali M. AlSumaiti from ADNOC. Their profound expertise
in the field and irdepth understanding of industry intricacies have significaruthtributed to
refining and finetuning the focus of my research. Their invaluable insights and feedback were
not merely academic but rooted in the +&akld applicability of the findings, ensuring that the
outcomes of this research would be both penti@d beneficial for industrial applications

| extend my heartfelt gratitude to the CEOR and ROS team members for their
invaluable direct and indirect support throughout my research journeyedaunially indebted
to Dr. Muhammad Mushtaq, whose guidance and support have been indispensable throughout
the course of this research. His incisive technical advice, often accompanied by innovative
perspectives, played a pivotal role in navigating maraflehges and enhancing the quality
and robustness of my findings. | also wish to thank Mr. Nithin Chacko Thomas and Mr.
Alfazazi Umar for their initial guidance in experimental protocols. | would also like to extend
my gratitude to Mr. Ravan Azad Farmarfoy his support in the Machine learning aspects of
this research

| wish to express my profound gratitude to the lab engineers, Mr. Khalig Naik
Mohammed and Mr. Mimoune Kissami. Their invaluable training sessions on the utilization of
various laboratory equipment have been instrumental in equipping me with the pektial
necessary for the successful execution of my research. A special mention to Mr. Khalig Naik

Vi



Mohammed for his consistent availability and exceptional skills in promptly resolving
technical issues that occasionally emerged with the equipment were instrumental in ensuring
the continuity and success of my work

Lastly, but by no means least, | want to express my love and gratitude to my friends
and family; words can scarcely capture the depth of gratitude | felt for their constant support
throughout this journey. Special thanks to my colleague and friend, Ammja&th Embarking
on our PhD journeys together, she has been an unwavering source of understanding and
emotional support. My family holds a cherished place in this journey. My husband's firm faith
has consistently served as my backbone, giving me the gtremgersevere. My daughter,
with her innate resilience and boundless joy, has been a constant source of inspiration.
Additionally, the relentless support from my parents anws has been invaluable. Their
collective belief in me has laid the foundustifor this achievement

viii



Declaration and Copyright

Declaration

| declare that the work in thBissertatiorwas carried out in accordance with the regulations
of Khalifa Universityof Science andechnology The work is entirely my owexcept where
indicated by special reference in the text. Any views expressed dhistertatiorare those of
the author and in no way represent those of Khalifa UnivestBcience and@echnology No
part of thedissertatiorhas been presented to any other univefsitany degree.

Author Name:Anoo Sebastian

o

Author Signature.

Date:09/12/2023

Copyright ©

No part of thisdissertatiomrmay be reproduced, stored in a retrieval system, or transmitted, in
any form or by any means, electronic, mechanical, photocopying, recording, scanning or
otherwise, without prior written permission of the author. The thdissertationbe made
available for consultatiomiKhalifa University of Science anbBechnology Library and for
inter-library lending for use in another library and may be copied in full or in part for any bona
fide library or research worker, on the undansling that users are made aware of their
obligations under copyright, i.e. that no quotation and no information derived from it may be
published without the author's prior consent.



TABLE OF CONTENTS

Y 013 1 = xS OSSO PPPPPP ii
(0] o] [Tor=1 1 o] o E= PP PPPPPPPPPPR Vi
F AN [0 1V =T Lo = 0 =T o TS ¥/ ||
Declaration and COPYHGNT.........uuuii e eee s ix
LIST OF FIGURES. ... oo ceeer ettt e e e et e e e ennme e e e e eaans Xiv
IS IO i Y = XiX
NOMENCLATURE ..o et e e et e e e e e et e e e et e e annmreaneeeees XXI
CHAPTER L:INTRODUCTION. ....cutiiiiiiiiiiiiiee e e sieressiiteee e e e e siieeee e e s smmme s snnnaeeeaeeeennnnees 1
1.1 Problem STatEMEIL. ... ..uuuiiiiiiiiiiii et ne e 1
1.2ReSEArCh ODJECLIVES.......ceviiiiiiiiii e e e e e s eeeer s e e e e e e e e e e e e e nnne e 2
1.3Framework of this BBSErTatioN. ...........ueiiiiiiiiiiiii e 3
CHAPTER 2:LITERATURE REVIEW........co et e e )
2. 1POIYMEN FIOOTING ...ttt 5
2.2Harsh Conditions of Middle East Carbonate ReServoirs.............ccccccvimeerniiinnnns 6
2.30verview of Polymer Retention in Carbonate ReServoirs...........cccccvvvvvieeeneeeeeenn. 7
2.3.1 Polymer Retention MeChaniSmS...........ccoooiiiiiiiiccc e 8
2.3.2 Inaccessible POre VOIUME..........oooi it e e 9

2.4 Factors Affecting Polymer Retention..............ceeiiiiiiicecciccceee e eeeeee e 11
2.4.1 Effect Of POIYMEr TYPE. ..ot e e e 11
2.4.2 Effect Of TEMPEIAtUL........cooeiiii e e e 13
2.4.3 Effect of Water Salinity and COmMpPOSItION............ooveiiiiiiimmmrsiiiiiiveieeeee 13
2.4.4 Effect Of Oil PrEeSENCE.......coviieeeeee e ereas e e e e e e e e e 15
2.5Desalination MethOdS.........cooiiiiiiiee e e e e e eeaes 16
2.6 Economics of Low Salinity Polymer Flooding.............cccociviiiimmmnniiiiiiiieeeee 17
2.7 Correlation between Static and Dynamic Retentions..............ccoovvvcviiiiieeeeenns 19
2.8Machine Learning TECNNIQUES ........ciiiiiiiiiii e ceeer et ereer e e e e 22
2.8.1 Different Concepts in Machine Learning Application................ccoovvveemennnnnn. 23
2.9Machine Learning AlQOrthmS..........coooiiiiiiiiie e 30
2.9.1 Tree Based MOAELS...........ooeuiiiiiiiiirieeee et e e e e e e e e e e e e 30
CHAPTER 3:MATERIALS AND METHODS. ........cooi e e 35
G0t I 1Y = 10T = 35
3. L. IMAKEUP BIiNES ... ittt e ee bbbttt e e ettt ettt e e e e e e e e e e e e e s s e e 35
.12 Crude Oll... ettt e e ann e e e e 37
S.L 3 POIYMEE ...t a e e ana e e e e e e e aaes 37



3.1.5 Core PlUQ SAMPIES......couuieiiiiiii et sseeers e e e e e e e e e e e e e e aaaeaaaens 38
3.2Experimental MethOUS........cooiiii e 38
3.2.1 FlIUId Preparation............uuueeeeeiiiiiiieeerieiieeiee ittt e e e e e e e e e s s e e e e e e e e e nneas 38
3.2.2 FIUId PrOPEITIES. ....uueieiiieiiieii ettt e e 41
3.2.3 Hydrodynamic Size and Polydispersity Index Determination...................... 43
3.2.4 PolymeConcentration Determination..............oooooieioiimmre e 44
3.2.5 Static AASOrption STUdIES........uuuieeiiiiie e e eeeer e e e e e e e e e a7
3.2.6 Dynamic Retention Studi€s........cccoeeeveeeeiiiiieeeiiiieeeeeeeeeeeeeeeeene e 49
3.3Uncertainty in MEaSUIEMENLS. .........cooiiiiiiieiiieeee e ee e et e s 56
3.3.1 Uncertainty in Experimental Values................uvvviiiiccceriiieiiiiceee e 56
3.3.2 Uncertainty in Dynamic Retention Values...............cccccvvimmminiiiiciiiiiiiieeeee 56

3.4Developing Correlation to Predict Dynamic Retention from Various ParameterS8

3.4.1 Parameters Influencing Dynamic Retention............coeevviiiiccceieieeeeenid 58
3.4.2Experimental Conditions Considered for Developing the Correlation......... 58
3.4.3Approach Used to Develop the Correlatian..............ccooovvvieeere e 59
3.4.4 Applying Machine Learning to Estimate Dynamic Retentian...................... 60
3.4.5 Symbolic Regression to Develop Dynamic Retention Correlatian.............. 72
CHAPTER 4:RHEOLOGICAL STUDIES.......cttiii ittt emee s 73
4.1Bulk-Rheological Properti@S.........uuuiiioioiiiiiie e 73
4.1.1 Effect of Shear Rate on Polymer Solution VISCQSItY............coooeiiiieenneeennnnn 73
4.1.2 Optimum Polymer ConCeNtratiQml...............uvuuurerimemiiiiriieiieeeeeeeeeeeeeseeeeeeeeees 75
4.1.3 Effect of Diluting Makeup Water on Polymer ViSCOSILY............ccoevvriiiiicenn.. 76
4.1.4 Effect of Varying lonic Composition of Makeup Water on Polymer Viscosi/7
4.1.5 Effect of Temperature on Polymer VIiSCOSItY..........ccoooeiviiiviiiccciiii e, 80
4.2 Hydrodynamic Size and Polydispersity Index of Polymer solutians................... 82

4.2.1 Effect of Makeup Water Salinity (FW and SW dilutions) on Hydrodynamic&ze
4.2.2 Effect of Varying lonic Compositions of Makeup Water on Hydrodynamic. 84ze

4.2.3 Effect of Temperature on HydrodynamicC SIZe..........ccccceevviiiiccceieeeeeeeeee, 85
4.2.4 POlydiSPErSIty INAEX......cooiiiiiiiiiiiii e 86
4.3 Polymer Concentration Measurements using Different Analytical Methaods.......87
A.3. LUV MEINOG. ..o eeeee e e e e e eeeee e e e eenaes 87
4.3.2 VISCOSItY MEENOM........eiiiiieii e rreee e e 88
4.3.3 TOGTN MELNOM........eeiiiiiiiie ettt e e 88

Xi



4.3.4 Comparison of Different Analytical Methods for Polym€&oncentration

IMEBASUIEIMENTS. ......eiieeettie et e e e e et e e e e e e s mmme e e e e e eensnn e e e e e srnmmeeennnnaaeeeed 39
4.4 Highlights of the Chapter............ccooiiiiiiiieeee e 90
CHAPTER 5:EFFECT OF SALINITY ON POLYMER ADSORPTION IN STATIC AND
DYNAMIC CONDITIONS ... .ottt ire et eeneb bbb e e e e e e e e e aaaeeeessemns 91
S5.1EXPENMENTAI OVEIVIEW. ...ttt ieeeiiiet ettt e e e e e e ememr e e e e e e e e e e e aaaeaaaa e s e e e 91
5.2Static ADSOIPLON STUTIES. .......uuuiiiiiiiiiiieieieeeii et e e e e e e e e e e e e e e e e e 93
5.2.1 Effect of Salinity on Static Polymer AdSorption............ccccoooveiiicceeeeeeeeeeeee 93
5.3Dynamic Retention STUAIES.......cccoeeiiiiiiiiieeieeee e 96
5.3.1 Dynamic Polymer Retention Measurements in the Absence.of . Qil............. 96
5.3.2 Dynamic Polymer Retention Measurements in the Presence.of.Qil......... 105
5.3.3Proposed Desalination Methods for Targeted Dilutians..................cooeeeee.. 113
5.4 Highlights of the Chapter..........cccooiiiiiiii e 114
CHAPTER 6: EFFECT OF VARYING IONIC COMPOSITIONS ON POLYMER
ADSORPTION IN STATIC AND DYNAMIC CONDITIONS........cccvvviiiiieieeeeecneeeeee 115
6. LEXPErMENTAl OVEIVIEW. ... .uuuiiiiiiiiiiiiiiii ettt e e e e e 115
6.2 Static ADSOIPLON STUAIES. ......uuiiiiiiiiiiiiii ettt 117
6.2.1 Effect of Varying lonic Compositions (€aMg?*, SO?) on Static Polymer
Yo KT ] 1 o1 o TSP P PP PPPPPPPP 117
6.3Dynamic REteNtioN STUIES..........uuuiiiiiiiiiiii et 118
6.3.1 Effect of Varying lonic Compositions (€aMg?*, SO?) on Dynamic Polymer
Retention in the Absence and Presence of. Qil..............eeviiiiieeciiiiiiiiiiiiiiiieee, 119
6.3.2 Effect of Varying lonic Compositions (€aMg?*, SO?) on InSitu Rheology in
the Absence and Presence oOf.Oll..........ooooiiiiicc e 120

6.3.3 Effect of Varying lonic Compositions (€aMg?*, SO?) on ResiduaResistance
Factor and Polymer Adsorption Layer Thickness in the Absence and Presencd 4 Oll

6.3.4 Possible Desalination Methods for the Proposed Brine Compositions......124
6.4 Highlights of the Chapter............ooiiiiii e e 125
CHAPTER 7:EFFECT OF TEMPERATURE ON POLYMER ADSORPTION IN STATIC
AND DYNAMIC CONDITIONS ....outtiiiiiiiiiiiiiiiieee ettt tt e e e e e e e e e e e e e e s s ssmmme e e e e e e e e e aannnns 126
7. 1LEXPerimental OVEIVIEW.........cccuuuiii it e ettt e e e e mmme et e e e e eata e e aaeens 126
7.2 Static AASOIPLON STUAIES. ......uuiiiiiiiiiiiiiii ettt 128
7.2.1 Effect of Temperature on Static Polymer Adsorptian................cvvvieeeennnee. 128
7.3Dynamic REteNtioN STUIES.........uuuiiiiiiiiiiiii et 129

7.3.2 Effect of Temperature on-8itu Rheology in the Absence and Presence ofl3il

Xii



7.3.3 Effect of Temperature on Residual Resistance Factor and Polymer Adsorption Layer

Thickness in the Absence and Presence Qf.Qil.........cccccoeiiiiieccs 135
7.4Highlights of the Chapter...........uueiiiiiii e rreer e 137
CHAPTER 8: DEVELOPMENT OF CORRELATION FOR DYNAMIC RETENTION
USING MACHINE LEARNING......cooiiiiiiiitiieees bbb eeesse e e e e e e e 139
8.1EXperimental MaterialS. ............uuuiiiiiiiiiiieeeiiiiie it 139
8.2 Specific Surface Area of Crushed Core and Core PIugs...........cccvvvviiieeciinnnee. 140
B.2.1 BET RESUILS.....coieiiiiie e e e e e e e e e e s 140
B.2.2 MICP RESUILS.....cuueiiiiiiiiie e erree e e 140
8.3 Application of Machine Learning to Predict Dynamic Retention...................... 145
8.3.1 Prediction of Dynamic Retention from Static Adsorption............cc.....vvveeee. 147
8.3.2 Prediction of Dynamic Retention from Static Adsorption and Various Influencing
ParaMETEIS. ... e eeraaas 148
8.3.3 Comparison of the TWo Approaches............ccoovvvviiiieeee e 155
8.3.4 Application of Symbolic Regression to Develop Dynamic Retention Correlation
............................................................................................................................ 155
8.3.5 Application Envelope of the Developed Model.................oovviieiiiieeiinnnn, 156
8.3.6 Limitations of the Developed Model..............coooiimmn e 157
8.4 Highlights of the Chapter.............uuuiiiiiiii e 157
CHAPTER 9:CONCLUSIONS AND RECOMMENDATIONS........coooiiieere e, 159
LS 00 I o] o 11553 o] LR 159
9.2Recommendations for FUtUre WOrK..............eeuiiiiiiiieeeiiiiiiiiieiieeee e 161
9.2.1 EXperimental WOLK............oooiiiiiiiiie e 161
9.2.2 Enhancing Polymer .Re.t.ent..o.n.. . Ne&ldel 6s
REFERENGCES. ... ..ot tees sttt e ettt et e e e e e e e e e e e s smmmreeaeaaeaeaeaaeas 162

Xiii



LIST OF FIGURES
Figure 2.1: Polymer bank delay factors associated with polgdsarption (Zhang and Seright,

120 I T PSPPI 8

Figure 2.2: Polymer adsorption in porous mediakiajri et al., 2018)............ccceeeeeerrrnenen. 9

Figure 2.3: Polymer breakout curves (Dawson and Lantz, 197Hai et al, 2018)........ 10

Figure 2.4: Normalized polymer concentration profile with and without mechanical entrapment
(AKDAIT €1 Al., 2009 . uiiiiieei e eeee et e tnrnnnna 21

Figure 2.5: Schematic representing the Wiasance tradeoff (Doroudi, 2020Q)............... 25

Figure 2.6: Schematic representing underfitting, good fitting, and overfitting (Badlifb,

12210 210 ) PP RPN 26

Figure 2.7: Structure of Decision Tree algorithm, modified from Had¢et (2021)........ 31

Figure 2.8: Schematic of bagging ensemble learning model, modified from Hetfedz
0220 72 ) PP UOUUPPPRR 32
Figure 2. 09: Schematic of stacking eagialembl e
20 22 PO PPUPR 33

Figure 2.10: Schematic of boosting ensemble learning model (etaalg 2020).............. 34

Figure 3.1: Viscosity of crude oil at different temperatures.............cc..ovvvveeeeeieennnns 37

Figure 3.2: Canncfrenske routine viscometer for brine viscosity measurement........41

Figure 3.3: Malvern Zetasizer used for hydrodynamic size and polydispersity index
[QLCTE ST (=] 0 o= o | TP PUPPPPPTRPRPPPPY 44
Figure 3.4: Typical multipoint BET PIOL...........ccooiiiiiiiiiiiieeee e e 48

Figure 3.5: Schematic of the coreflooding equipment used for polymer adsorption experiments.

Figure 3.6: Workflow for developing correlation between dynamic retention and dependent

(02 1= 1 Lo =T PP 59
Figure 3.7: Schematic representation of the machine learning workflow................... 60
Figure 3.8: Flow chart illustrating RF algorithm (Hetnal, 2020)............ccooovviiiiiiieen. 61
Figure 3.9: Flow chart illustrating AdaBoost model (Min and Luo, 2016)...................} 6.3
Figure 3.10: Flow chart illustrating gradient boosting model (Baturynska and Martinsen, 2021).
..................................................................................................................................... 65
Figure 3.11: Flow chart illustrating XGBoost model (Mathaval, 2021)........................ 67
Figure 4.1: Bulkrheology of SAV10 in FW (167,114 ppm) at 25 °C....ovvvciiiiiieeeeeeeeee 74
Figure 4.2: Bulkrheology of SAV10 in SW (42, 507 ppm) at 25 °C......cooeeiiiiiiiiiiiiiinnn 74

Xiv



Figure 4.3: SAV10 polymer viscosity vs. concentration in SW (42, 507 ppm) and FW (167,114
ppm) at a shear rate of 18 and a temperature of 28...........ccoccvveeeieeceeeeeeee e 75

Figure 4.4: Effect of makeup water dilution using a) FW and b) SW on polymer viscosity using
1,000 ppm polymer concentration at a shear rate of H0iG 25°C. ........ccccoveeveeveeereennene 76

Figure 4.5: Polymer concentration for the brieeipes a) FW dilutions and b) SW dilutions
needed to achieve desired viscosity of 4.5 cP attEhd 25°C........c.ccovevvecvreeeevveneenaen 17

Figure 4.6: Effect of varying ionic compositions of make water on polymer solution
viscosity using 1,000 ppm polymer concentration at shear rate of dfidstemperature of 25

ittt ettt t———— et e e ——e e e e e — Lt —aan—e——ee e e e e E— e e eteee e e nnnn Lt tettaee e e nrteeeeeesanneennnees 79
Figure 4.7: Polymer concentration for brine recipes with varying ionic composition needed to
achieve the desired viscosity of 4.5 cP at@rsd 25°C........ccccoeveeviceciceee e, 79

Figure 4.8: Polymer solution viscosity in FW at varying temperatures and shear rate8Q0 s
Figure 4.9: Polymer solution and brine viscosities of FW and its dilutiongating
temperatures and shear rate F0.S........ocoviiiiiii e 31
Figure 4.10 Polymer solution and brine viscosities of SW and its dilutions at varying
temperatures and shear rate 20.S..........ccocoiiiiiieceii e 81
Figure 4.11: Polymer solution and brine viscosities with varying ionic composition d)AW

b) SW-1B, ¢) SWI1C, d) SWI1D at different temperatures and shear rate10.s........... 82
Figure 4.12: Effect of makeup water dilution on SAV10 polymer hydrodynamic size for 1,000
ppm polymer concentration at a temperature of@%) FW and its dilutions, b) SW and its

(0[] 0110 o PP PUPUPPUPRPP 84
Figure 4.13: Effect of varying ion composition in makeup water on SAV10 polymer

hydrodynamic size for 1,000 ppm polymer concentration at a temperatur@®f.25......85

Figure 4.14: Effect of temperature on hydrodynamic size of the polymer.................. 86
Figure 4.15: Particle size distribution curve with different PDI values........................ 87
Figure 4.16: Calibration curve using UV spectrophotometer...........cccoeeevvvvieeereeiinnnnnnn 87
Figure 4.17: Calibration curve using the viscosity methad................ccccoovcee s 88
Figure 4.18: Calibration curve using the TO® method.............ccoocoiiiiiiiiecc e 88

Figure 4.19: Uncertainty in polymer concentration measurements using different analytical
METNOUS...... et e e e e e e e e e e e e aaan s e e e e e e e e e e eaeeeeeeennenns 89

Figure 5.1: BET plot for the crushed rock sample used for static adsorption studies.94

Figure 5.2: Effect of FW and its dilutions on SAV10 polymer adsorption in static gphgkee

TESES A 28C ... oottt e eer e eee— ettt e et e e aa e e e e e e e e e et e aaeeaeaaaeeeaaaaans 95

XV



Figure 5.3: Effect of SW and its dilutions on SAV10 polymer adsorption in static ghgke

TESES AL 28C ...ttt ree bbbttt et e et e e e e e e e e e e e e st a e e e e e e e e e e e aaaaaa 95
Figure 5.4: Polymer concentration profile of -@Fluring polymer injection and brine post
fIUSN CYCIES @t 25 CC.. .t e e e emnnr s 96
Figure 5.5: Dynamic polymer retention for formation water and its dilutions in the absence of
(0] | PP TP PPPPPRRT 98
Figure 5.6: Dynamic polymer retention for seawater and its dilutions in the absenceS# oil.
Figure 5.7: Effect of formation water and its dilutions on RF in the absence.0f.0il.....99
Figure 5.8: Effect of seawater and its dilutions on RF in the absence.of.qil............. 100
Figure 5.9: Effect of salinity on #gitu viscosity and bulk viscosity at 0.5 cc/nfin 10 ft/d)

and 25°C for formation water and its dilutions in the absence of Oil.............ccccceeoicee 101
Figure 5.10: Effect of salinity on 4situ viscosity and bulk viscosity at 0.5 cc/nftn 10 ft/d)

and 25°C for seawater and its dilutions in the absence of.0il.........cccccccceeiiiicecnnnnnn. 101
Figure 5.11: Pressure drop profile during brine-frsh, polymer injection, and brine pest
flush at aflow rate of 0.5 cc/min for CRLt0 CR7.........uiiiiiiiiiiiiiiieeeeceeeee e 103
Figure 5.12Summary of RRF values for coreflooding experiments with formation water and
its dilutions in the absence Of Ol............oeviviiiiiiii e 104
Figure 5.13:Summary of RRF values for coreflooding experiments with seawater and its
dilutions in the absence Of Oll...........coooriiiiii e 104
Figure 5.14: Summary of polymer adsorption thickness due to polymer retimtformation
water and its dilutions the absence Of Oil...........cccuuiiiiiiiiiiceei e 105
Figure 5.15: Summary of polymer adsorption thickness due to polymer rettrtesawater

and its dilutionsn the absence Of Oll............cooiiiiiiiiiiie e 105
Figure 5.16: Polymer concentration profile of-8Fluring polymer injection and brine peost
flush cycles at 25 °C using viscosity and TON method............cccccoeeiiiiiiiiiccciiiie e 106
Figure 5.17: Dynamic polymer retention for formation water and its dilutions in the absence
AN PreSENCE OF Ollu...uuiiiiiiiiiiiiiiiii e 108
Figure 5.18: Dynamic polymer retention for seawater and its dilutions in the absence and
[T LSET=T 1o =N i o | SO SPPPPP 108
Figure 5.19Effect of salinity on RF using formation water anddisitions in the absence and
PreSENCE OF Ol....uuiiiiiiiiiiiiiiiie e 109
Figure 5.20:Effect of salinity on RF using seawater and its dilutions in the absence and

PrESENCE OF Oll. ..ottt e e e e e e e e e e e anens s e e e e e e e aaaeeaes 109

XVi



Figure 5.21Effect of salinity on irsitu viscosity and bulk viscosity at 0.5 cc/min (~ 10 ft/d)
and 25°C for formation water and itS dilUtiONS...........ccviiiiiiiiiiece e 110
Figure 5.22Effect of salinity on irsitu viscosity and bulk viscosity at 0.5 cc/min (~ 10 ft/d)
and 25°C for seawater and itS dilUtiONS............ovveeeeiiiiiiiceec e 110
Figure 5.23: Pressure drop profile during brine-fsh, polymer injection, and brine pest
flush at a flow rate of 0.5 cc/min for €Fto CRL5........coooviiiiiiiieeee 112
Figure 5.24: Summary of polymer adsorption thickness due to polymer retentaymation
water and itS AIlULIONS. .......uueiie e 113
Figure 5.25: Summary of polymer adsorption thickness due to polymer retenseawater
AN TS AIIULIONS.....oi et err bbbt r e e e e e e e e s seeeeeeeeaaeaeeeeas 113

Figure 6.1: Effect of varying ion compositions on polymer adsorption in static ghgke

(o0 o 11 T0] 1= 022 PP 118
Figure 6.2: Effect of varying ion compositions on dynamic polymer retention in the presence
and absence Of OIl At 2B..........c..uiiiiiiiiiiiiieceeri e 119

Figure 6.3: Typical normalized effluent polymer concentration profile {6fat 25°C....120
Figure 6.4: Effect of varying ion compositions on RF in the absence and presence it bil.

Figure 6.5:Effect of varying ion compositionsn insitu viscosity and bulk viscosity at 0.5

cc/min(~ 10 f/d)and 25°C. .......oeiiiiiie e 122
Figure 6.6Pressure drop profile during brine ghash, polymer injection, and brine pefiish
at a flow rate of 0.5 cc/min for CES t0 CF25.......coooiiiiiiiiiieie e 123

Figure 6.7: Summary of Residual Resistance Factor (RRF) and polymer adsorption layer
thickness for all experiments with varying brine ionic compositian........................... 124

Figure 7.1: Effect ofemperature on static polymer adsorption in high salinity and low salinity

(o] T L= o0 o 111 o 1S OSSPSR 129

Figure 7.2: Effect of temperature on dynamic polymer retention in the absence.of.di80

Figure 7.3: Effect of temperature on dynamic polymer retention in the presence. of1380

Figure 7.4: Effect of temperature on RF across various salinities in the absence and presence

(o) o | USSR 132
Figure 7.5: Effect of temperature onsitu viscosity across various salinities in the absence of
o] | PRSPPSO 133
Figure 7.6: Effect of temperature onsitu viscosity across various salinities in the presence
(0] 1o | PP RPTPPPRR 134
Figure 7.7: Differential pressure drop profiles for-@&1 CF37.........ccceeeiiiiiiiiiiiiiieen. 135

XVii



Figure 7.8: Summary of RRF and polymer adsorption layer thickness across various
temperature in the absence of Oil...........cooooiiiiieee e 136

Figure 7.9: Summary of RRF and polymer adsorption layer thickness across various

temperatures in the presence Of Oll.............uuiiiiiiiiiieee e 137
Figure 8.1: BET PIOt fOr CEBB......uuuuiiiiiiiii e e eeeeeiie st enne e e e e e e e e e e eeaennnnnes 140
Figure 8.2: Mercury intrusion curve for Indiana limestone outcrop3ek..................... 141
Figure 8.3: Pore throat size distribution plot from MICP for outcrop36F.................. 142

Figure 8.4: Dynamic retention prediction from static adsorption value alone based on ET
AIGOMTNM. .. e —————————————— 148

Figure 8.5: Heatmap to examine the interdependencies between input parameters to predict
[0}V 0 F= 0 o (o =] (=T 0 1o ] TSP P PP P PPPPPPPPP 149

Figure 8.6: Heatmap to examine the interdependencies between the tuned input parameters to
predict dyNamiC reteNTION..............uiiiiie i e e e e emee e e e e e e e e e e e e e e e eeaeees 150

Figure 8.7: Feature importance for dynamatention prediction..............cccoeeeeeiiiiceennnnd 151

Figure 8.8: AdaBoost ML algorithm for dynamic retention prediction based on several
INfluential PAramMEtEIS. .. ..o e e e 152

Figure 8.9: Decision tree algorithm for dynarmmetention prediction based on several
INFluENtIAl PArAMELETS......coeeeeeeee e e eerer e e e e e e e e e e e e e e e e anneaaaees 152

Figure 8.10: Extra tree algorithm for dynamic retention prediction based on several influential
2210 0T (ST PP 153

Figure 8.11: Random Forest algorithm for dynamic retention prediction based on several
INFluENTIAl PArAMELETS......cieeeeeeee e eerer e e e e e e e e e e e e e e e e enneaeaaes 153

Figure 8.12: Gradient Boosting algorithm for dynamic retention prediction based on several
INfluential PAramMELEIS.......ooo i e e e e e ee e 154

Figure 8.13: XG Boosting algorithm for dynamic retention prediction based on several

INfluential PAramMELEIS. ... ... .ot eeree e e aneea e aaee 154

XVviii



LIST OF TABLES

Table 3.11onic composition of formation water and its different dilutians................... 36
Table 3.21onic composition of seawater and its different dilutions...................cooveeeiesd 36
Table 3.3:1onic composition of brine recipes with varying ionic compositions............ 36

Table 4.1: Polymer concentration measurements using different analytical methods89

Table 5.1 Petrophysical properties of core samples and experimental conditions applied for
singlephase coreflooding eXPerimeNtS. ..........cooiuiiiiiimmmria e eeeseee e 92

Table 5.2 Petrophysical properties of core samples and experimental conditions applied for
two-phase coreflooding EXPEeriMENLS...........uuuiiiiiii i eeeer e e e e e e a3

Table 5.3: Summary of uncertainties in parameters observed using UV Spectrophotometer
LTS ToTo I (o g O 1 97

Table 5.4:Summary of injectivity during polymer injection with different makeup water
salinitiesin the absence Of Qll..........vii 103

Table 5.5 Summary of uncertainties in parameters observed using D@ ethod for CF

Table 5.6:Summary of injectivity during polymer injection with different makeup water
SAIINMITIES. ..o et e e et eeer et e e ettt e e e e e e e e amr e e e e e e aaeeeaaaaaeeaaaanne 111

Table 6.1 Petrophysical properties of core samples and experimental conditions applied for
singlephase coreflooding eXPerimentS. ..........ccoouiiiiiimmere e eeesee e 116

Table 6.2 Petrophysical properties of core samples and experimental conditions applied for
two-phase coreflooding eXPeriMentS............ceeiiii e eeee e 117

Table 6.3:Summary of injectivity loss during polymer injection for brirveigh varying ionic
compositionin the absence and presence Of.0Il.............uuuiiiiiiieeeiiiiiiiii e 123

Table 7.1 Petrophysical properties of core samples and experimental conditions applied for
elevated temperatures in singlease coreflooding experiments...............ocovvvvvvimennnn. 127

Table 7.2 Petrophysical properties of core samples and experimental conditions applied for
elevated temperatures in typhase coreflooding experiments.............ccccevvvvieennninennns 127

Table 7.3:Summary of injectivity loss during polymer injection across various temperatures

................................................................................................................................... 135
Table 8.1:Summary of inaccessible pore volume and accessible surface area of the core plugs
................................................................................................................................... 143
Table 8.2.Summary of surface access and weight of the rock powdet..................... 144
Table 8.3:Summary of parameters used for machine learning..............ccccoevveeeeeennen. 146

XiX



Table 8.4:Dynamic retention prediction from static adsorption alone using different machine
== 1 a1 0o J= 1o o 11 0] o L= P 147

Table 8.5:Dynamic retention prediction from various influencing parameters using different
machine learning algorithMsS..........c..uuuiiiiiii e 151

Table 8.6 Correlation developed using symbolic regression to predict dynamic retebdiéon

XX



Subscripts/Superscripts

e
i
or

Wi

Abbreviations
AA
AdaBoos
AM
AMPS
ATBS
BET
CF
EOR
EPV
ET
FR
FW
GB

NOMENCLATURE

Concentration (ppm)

Absolute permeability
Relative permeability
Mobility ratio

Differential pressure
Saturation

Volume (ml)

Weight (gram)

Effluent
Initial
Residual oil

Initial water

Acrylic Acid

Adaptive Boosting

Acrylamide
2-Acrylamido-2-MethylPropaneSulfonate
Acrylamido-Tertiary-Butyl Sulfonate
BrunauerEmmettTeller

Coreflood

Enhanced Oil Recovery

Excluded Pore Volume

Extra Trees

Filtration Ratio

Formation Water

Gradient Boosting

XXi



HPAM
HTHS
1PV
LSP
MAE
MICP
ML
MSE
NF
NVP
PDI
PV

RF
RMSE
RO
RRF
SW
TDS
TOC-TN
uv
XGBoost

Hydrolyzed Polyacrylamide

High Temperature High Salinity
Inaccessible Pore Volume

Low Salinity Polymer

Mean Absolute Error

Mercury InjectionCapillary Pressure
Machine Learning

Mean Squared Error

Nanofiltration

N-Vinyl Pyrrolidone
Polydispersityindex

Pore Volume

Resistance Factar Random Forest
Root Mean Squared Error

Reverse Osmosis

Residual Resistance Factor
Seawater

Total Dissolved Solids

Total Organic Carbon Total Nitrogen
Ultraviolet

Extreme Gradient Boosting

XXii



CHAPTER 1: INTRODUCTION

1.1 Problem Statement

Carbonate reservoirs account for more than 60% afltimEl petroleum reservedil recovery

from these reservoirs is challenging due to their complepdyticularly in the Middle East
region,which includes mixedo-oil wettability, low permeability with high heterogeneity, high
temperature (above 90 °C), and high salinity (over 150,000 pplsg, carbonate rocks are
typically characterized by being either mixeet or predominantly oivet. Waterinjection in

these reservoirs usually results in low oil recovery due to the early breakthrough of water in
the high permeability streaks and bypassing the oil in the low permeability matrix. Hence,
several enhanced oil recovery (EOR) techniques have been proposed over the years to improve
oil recovery from carbonateeservoirs beyond conventional waterfloodi@ne of the most
widely applied EOR techniques is chemical EOR, which incorporates different chemicals into
the injection water including surfactants and alkali to reduce interfacial tefiosionproving

the microscopic displacement and polymers to contiction water mobility thereby
improving volumetric sweep efficiency.

Polymer flooding is among the most widely applied chemical EOR techniques, which
primarily targets unswept or bypassed oil. During polymer flooding, veateible polymers
propagate through the porous media and get retainedtlo& rock surface by combined
mechanisms of adsorption, mechanical entrapment, and hydrodynamic retention. The retention
of polymers causes a delay in oil breakthrough, also increased consumption of the chemical.
Thereforejt is essential to properly characterize and reduce polyetemtion in porous media
for the success of polymer flooding projects.

Two types of polymers are used for polymer flooding: synthatidbiopolymers The
most widely used synthetic polymer is tRartially Hydrolyzed Polyacrylamide (HPAM) due
to its low cost. However, this polymer has limited applications in harsh reservoir conditions
due to its instability at high temperatures (abové€@®0andhigh salinities(above 100,000
ppm). Biopolymers have a higher tolerance to temperature and salinity than Hi@aa&d
polymers. Nonetheless, their use in lasgale field applicatiofis constrained due to several
issues. Firstly, these polymers often face significant injectivity challemgederingthem
difficult to use effectively in porous media. Additionally, biopolymers are more prone to

bacterial degradation, which can compromise their performance in field conditions. The



manufacturing process also poses challenges; the concentrated broth produced by bacterial
fermentation is typically laden with debris, such as bacterial cells and proteins, as well as
polymer aggregates, commonly referred to as microgels. These immeitessitate advanced
filtration techniques prior to injection, further escalating the production costs and complicating
their application in largscale operations.

To overcome salinity and temperature challenges, new HBA3¢d polymers were
manufactured by incorporating unique monomers such -agpyrrolidone (NVP) and
Acrylamide tertiary butyl Sulfonate (ATBS). These groups can enhance chemical stability
under farsh conditions of high temperature and high salinity (HTHS). Although the new
polymers may withstand the harsh conditions in carbonate reservoirs, their high production
costs present a significant challenge to the project's economics. The case worsetesée
polymers have high retentioThis adds further to the cost as these polymers cannot be
recovered and might even affect the polymer flooding performadnoe. solution to this
problem is understanding water chemistry, including salinity and ionic composition, and
applying it to reduce polymer retention. This approach can transform a previously dcreene
outpolymer into a viable candidate.

Furthermore, accurately determining polymer retention is crucial for the effective
implementation of a polymer flood project. While both static adsorptiomamamicpolymer
retention measuremertdbaracterize these interactions, the former is notably simpler and more
convenient to execute. Given that static adsorption tests are easier to perform, it becomes
valuable to establish a reliable correlation between static and dynamic reteRtiegessing
such a correlation simplifies the process of prediatiyigamic retentionrenderingit feasible

and more efficient, thereby enhancing the overall success of the polymendlopération.

1.2 ResearchObjectives

The main objectivesf this researclstudyare as follows:

1. Toinvestigate the effect of water chemistry (salinity and composition) on the retention
of a synthetiAATBS-basedpolymer (SAV10) in carbonates under harsh conditions of
high temperature and high salinity.

2. To perform a thorough investigation of the effect of oil presence on polymer retention
through twephase dynamic retention tests.

3. Establish a correlation between static and dynamic polymer reteribopredict

dynamic polymer retention from static adsorption values.
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1.3 Framework of this Dissertation

This dissertation consists of nine chapters, and each chapter's content is structured as follows:

Chapter 1 is the introductory chapter that outlines the problem statement, research
objectives, and framework of this dissertation.

Chapter 2 compilescomprehensivéterature, discussing the extensive background of
polymer retention in carbonate reservoirs. This chapter providesdmpih review of existing
knowledge on retention mechanisms and the factors influencing retention. This chapter also
integrates insigis from machine learningML), exploring important concepts and
methodologies relevant to petroleum engineering, which set the theoretical foundation for
implementingML approaches in subsequent chapters.

Chapter 3 details the materials and methodologies employed to achieve the objectives.
It includes the protocols for fluid preparation, static adsorption tests, and dynamic retention
studies. The procedures to evaluate uncertainties in measurements are also dessged
the reliability and validity of the experimental data. Tast part of this chapter explores the
construction, training, validation, and testinguWif models relevant to the research.

Chapter 4 describes rheological investigations, particularly focusing on the shear
rampup tests, variation of polymer viscosities with varied polymer concentration, salinity,
ionic compositions, and temperature. Furthermore, the chapter also presents findiegsaelat
the hydrodynamic size and polydispersity index of various polymer solutions. To ensure
precise evaluations, the chapter compares different analytical methods employed for
determining polymer concentrations.

Chapter 5 presents investigations on the specific impact of salinity on polymer
adsorption in both static and dynamic conditions. This chapter thoroughly examines the
interactions between polymers and carbonate reservoirs in varying salinity levels, discussing
the mplications and drawing relationships to understand the influence of salinity on polymer
retention mechanisms more cohesively.

Chapter 6 describes how varying ionic compositions influence polymer adsorption,
exploring their effects under static and dynamic conditions. Detailed experiments and analyses
are presented to reveal how different ionic compositions alter the interactions between
polymers and carbonate reservoirs, thereby affecting retention.

Chapter 7 presents the importance of temperatureantrolling polymer adsorption
for bothstatic and dynamic conditions. This chapter meticulously examines the temperature
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related aspects of polymer retention, providingl@pth insights into how temperature imgact
the adsorption of polymers in carbonate reservoirs. The chapter also provides conclusive
insights, bridging the gap between laboratory studies and field scenarios.

Chapter 8 discusses trebased machine learning models and symbolic regression
eqguations, aiming to predict dynamic retensibased orstatic adsorption valueayeragegore
throatsize of the cores, total salinity, presence of oil, and temperature. It also provides insights
into how the models are rigorously trained and tested to ensure their robustness and reliability
in predicting dynamic retention under different conditiofiserefore, the chapter illustrates
the applicability and effectiveness of mashlearning in understanding and resolving issues
related to polymer retention.

Chapter 9 summarizes the main findings and conclusions based on the conducted
work. This chapter also highlights the shortcomings of the conducted research and the
recommended future work. The recommendations target improvements in both the

experimental work as wWeds the developed ML model for polymer retention predictions.



CHAPTER 2: LITERATURE REVIEW

This chapterbriefly reviewsthe polymer floodingprocess the mechanisms responsible for
polymer retention in the porous medihe effects of IPV and adsorption on polymer
propagation in the reservandthe effects of polymer type, temperatusater salinity ionic
composition and oil presence opolymer retention. Furthermore this chapterdescribes
fundamental concepts integral to the approach of machine learning, beginning with comparison
metricsthat act as evaluative standards for model performance. It then proceeds to discuss the
biasvariance tradeoff, a crucial balance that prevents model overfitting and underfitting. To
ensurethe developednodels are robust and validated effectively, theréssvalidation
technique is discussed. Regularization is another pivotal concept explored, helping to prevent
overfitting by introducing penalis to more complex models. Moreowhis chapterprovides

insights into theuseof Heatmapand Pearsoncorrelationcoefficient, which demonstrate the
relationships betwedieatures or input parameteidditionally, varioustreebased modeling
techniques are explored, from the foundational Decision Tree Algorithm to a range of ensemble
methods. These ensemble methods, including Bagging, Stacking, and Boosting, offer advanced

techniques to improve model accuracy and robustnes

2.1 Polymer Flooding

Global energy demand is surging, with oil being one of the leading energy sources, and many
of the reservoirs are on the verge of depletion. Therefore, enhanced oil recovery (EOR)
techniques are becoming more significansatisfy this energy deman@olymer flooding is a
proven chemical EOR technology that can be applied at the early stages of waterflooding
(Chang 1978; Zhonget al, 2017; Khalilinezhacet al, 2019; Cheret al, 2021a). Polymers
are added at varyingoncentrations to the injected water to increase its visc(iSaget al.,
2014, SaboorianJooybariet al, 2016;Panthiet al., 2016) The polymer solution improves the
wateroil mobility ratio, which reduces viscous fingering and results ibetter sweep
efficiency of the reservoifSandiford 1964; Rashidet al, 2009; Haret al., 2014; Yooet al,
2020; Lamaet al, 2021)

In addition to increasing the viscosity of the injected water, polymers also alter the
permeability of the reservai¥ossoughi and Bulled991;Vasquezt al, 2009, which lowers
the mobility of the water injected. Mobility ratio (Myvhich is defined as the ratio dfie



displacing phasenobility to displaced phase mobilitfEquation 2.1), is the most crucial

parameter fopolymer flooding operations.
b - —, 2.2

whemwesat he mobility of t hagsthmebiitydthd disgaceg h a s e
phase (crude oil).d¢and ko are the relative permeability to water and oil, respectiveland
Mo refer to the water viscosity and oil viscosity, respectively. Based on the value of mobility
ratio (M) relative to unity, the displacing process is considered to be either favorable and a
pistortlike displacementvhenM O 1, o r ang métable whem b L (@ronofsky,
1952; Skauget al, 2014) To attain a favorable mobility ratio (M) and improve the sweep
efficiency, increasing the viscosity of the water phase is considered to be the most common
way (Assuncacet al, 2011)

Juéarezet al (2020) conducted corefloadg experiments on sandstone cores with
varying concentrations (00 to 3000 ppm) of HPAM polymer to achieve a viscosity ratio of
oil to polymer in theange of 2 to 18 corresponding to mobility raif®.5 to 4. They concluded
that the highest recovery efficiency is achieved at a mobility ratio of 2 {M corresponding
to a viscosity ratio of 5. Polymer flooding has been widely used in sandstone reservoirs with
mild conditions oflow temperaturé¢below 60°C), low salinity (less than 100,000 ppmand
high permeability (greater than 200 mDyeverthelessits application is limited in carbonate
reservoirs particularly in the Middle East regiomlue b the prevailing harsh reservoir
conditions.Shenget al (2015)surveyed about 700 polymer projects across 24 countries, of

which only 14% wereonducted ircarbonate reservoirs.

2.2 Harsh Conditions of Middle East CarbonateReservoirs

Carbonate rocks are a class of sedimentary rocks that are composed mainly of carbonate
minerals. The two main types of carbonate rocks are limestone, composeadtitd or
aragonite (different crystal forms of Cag)Q and dolostone, composed alolomite
(CaMg(CQ).). Carbonate reservoirs are characterized by varying porosity and permeability
due to varying depositional conditions of these reservoir r@lzksline and Wilshgrii982)

Carbonate reservoirs are also characterized by complex heterogeneities related to the rock



mineral compositions, rock properties, matrix pore systems, and fracture dé@daresvajy
1997; EhrenbergndNadeay2005; Brigauckt al.,, 2014)

Harsh reservoir conditions indicate the combination of two or more conditions,
including complex heterogeneity, mix¢aloil wettability, low permeability values less than
100 mD, high reservoir temperatures above 85 °C, high salinity above 100,000 gbm, an
hardness over 1,000 ppi@hen and Mohanfy2013; Diab and AlShalabj 2019;Adila et al,
2020. The significant challenges of polymer flooding in these conditions are the poor
performance of synthetic polymers in high salinity and high temperature conditions as well as
the poor polymer injectivity in low permeability porous me@@hoshet al., 2019) In addition,
the presence of fractures and high permeable streaks tend to complicate the application of EOR.
High permeability zones are essential conduits for oil production in the early stage of the
reservoir. However, as the field matures, these saigie permeable streaks become the
conduits for the early breakthrough of water. Therefore, in EOR projects involving the injection
of expensive fluids, precautions need to be taken to avoid the early breakthrough of these

expensive chemica(®anriqueet al, 2007)

2.3 0verview of Polymer Retention in Carbonate Reservoirs

Polymer retention is considered one of the critical parameters in deciding the economic
viability of a polymer flood. Thus, the success of a polymer flood depends on determining the
exact retention levels and designing the polymer flood accordingly. Polsgtention is
defined aghe loss of polymer moleculés the porous media due toainly the interactions
between the injected polymer molecules and the porous rock. As a result, the viscosity of the
injection fluid decreases with polymer adsorption, iegdo a reduction in the polymer flood
efficiency (Sorbie 1991) Zhang and Seright (2014)emonstrated the economic impact of
adsorption in terms of delay factor, for which they considered a range of polymer adsorption
values and polymer concentrations ef@ pg/gof rockand 500 to P00 ppm, respectively.

They calculated the delay factor usikgjuation 2.2 and plotted it ersusthe polymer
adsorption as presented figure 2.1. They concluded that higher adsorption causes higher
economic impacts opolymer floodingas more polymer is consumed to achieve the desired
efficiency(Zhang and Serigh2014; Yooet al, 2020; Wartenbergt al,, 2021)

00 =z 2.2)



where PVet is the pore volume delay per pore volume injeciesd is the density of rock

(g/cc), « is the porosity, Retis the polymer adsorption levelpg/g of rock), andC is the

polymer concentration (ppm)
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Figure 2.1: Polymer bank delay factors associated with polymer adsorptiofzhang and Seright

2014)

2.3.1Polymer Retention Mechanisns

Polymer retention mechanisms include adsorption, mechanical entrapment, and hydrodynamic

retention.These mechanisms are ordered in terms of their significance where adsorption is the

most significant and hydrodynamic retention is thast significant. The mechanism of

physical adsorption of polymers onto the pore surface is due to the high affinity of palgmers

many

reser voi

r

rocks, as a result

of

van

hydrogen bonding forces for biopolymdRgure 2.2). Polymer adsorption mainly depends

on the rock surface area available for the polar groups ofdbaim polymer molecules to get

adsorbed on; a larger surface area leads to a higher absorpti¢Gnateni et al, 2004;
Cheraghiaret al, 2014; Banerjeeet al, 2017; AlHajri et al, 2018; Berget al, 2019)

Mechanical entrapment is observed in lower permeability reservoirs, where the polymer

der

molecules get trapped in the pore spaces with smaller throat sizes. Mechanical entrapment can

be reduced to some extent in low permeable rocks either by consideringleaular weight

polymers or by prshearing and filtrating the high molecular weight polym@#oi et al.,
2014;Ghoshet al, 2019;Ghosh and Mohanty, 2020paizaet al, 2020;Khalilinezhadet al,

2021)



Hydrodynamic retention is the polymer solution flow rdependent retention. Once
the retention reaches equilibrium, an increase in flow rate results in loss of additional polymer
to the porous mediddowever, this flow rate dependent retention is assumed to be reversible,
i.e., when the flow rate is brought back to the initial rate or flow is completely stopped, the
retained polymer molecules are released back to the main flow chéviaeter, 1973; Zhang
and Seright2015; Idahosat al, 2016) In case of high shear rates in restricted flow regions,
the polymer molecules change from coiled form to an elongated shape, thus easing its flow
through small diameter pores and gets trapped in these (ddaeker, 1973) AlSofi et al
(2017 conducted singkphase coreflood experiments on carbonate cores with varying
permeabilities from 45.2 to }36 mD. The polymer dynamic adsorption values ranged from
0.155 to 0.530 mgfgock, showing alecreasindrend in polymer adsorption with increasing
permeability which ismainly due to the entrapment of polymer molecules in low permeable

carbonate rocks.

Figure 2.2: Polymer adsorption in porous medialAl-Hajri et al, 2018)

2.3.2Inaccessible Pore Volume

The fraction of pore spaces in tteservoir rocks that the polymer molecules cannot access is
defined as the inaccessible pore volume (IPWjis fractional pore volume has two kinds of
impact on the polymer flooding efficiency. In case of higher amount of residual oil saturation
with less percentage of IR\ accelerates the polymer propagation through the porous medium
resulting in an early breakthrough of the polymer solufidawson and Lan{Z972; ldahosa

et al, 2016; Akbariet al, 2019) Hence, the polymer displaces more crude oil to obtain higher
recovery. Furtheiin case of low reidual oil saturation with higher amount of ItP\é polymer
cannot access the trapped oil in these p{/és et al, 2017) Inaccessible pore volume

positively affectsthe polymer flooding efficiency as reduces the amount of polymer being



contacted with the rock surface, thus reducing the amount of polymer adsorbedaknto
surface irnthe porous mediurfDawson and Lant2972).

Dawson and Lantz (1978emonstratechie combined effect of polymer adsorption and
IPV through polymer breakout curves flmur cases(A) No retention and no IPVB) No
retention and 0.25 PV IB\(C) 0.25 PV retention and no IRnd (D)0.25 PV retention and
0.25 PV IPV(Figure 2.3). The ideal case is expected with neither retention nor IPV, where the
polymer breakout occurs after injecting 1PV (Case A). However, an early breakthrough occurs
in Case B with no retention and an IPV of 0.25. Orcthr@rary a delay in breakthrougtf the
front edgewithout affecting the back edge resulting in a smaller polymer lsaokservedn
Case C with no IPV and retention of 0.25 PV. LastlyCase D polymer bank shifts forward
indicating a reduction of polymers in the efflueatslshowing a lower adsorption in the porous
medig where both retention and IPV are combif@dwson and LaniZ1972; AlHajri et al,
2018)

A: No Retention and no IPV B: No Retention and 0.25 PV IPV

C: 0.25PV Retention and No IPV D: 0.25 PV Retention and 0.25 PV IPV

Figure 2.3: Polymer breakout curves(Dawson and Lantz 1972; Al-Hajri et al, 2018)

Akbariet al (2019)explairedthe two mechanisms contributing to the inaccessible pore
volume size exclusion and wall exclusion. Size exclusion effects include the dependency of
the inaccessible pore voluma the hydrodynamic radius of polymer moleculestmeability
to porosity ratip and poresize distribution of the porous mediu more pronouncedPV
effectoccursin the case of high molecular weight polymers and lower permeability to porosity
ratios. The wall exclusion effect explains the flow through porous media, which $othmv
parabolic Poiseuille velocity profile, i,ecentral layer flows with maximum velocity, and the
layers close to the wall have zero velocity. Hence, the polymer molecules will flow freely in

the center, and their movement is restricted across the boundary of the pore walls. There is a
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higher entropy in the center due to depleting polymer molecules; ,haslgener molecules

near the pore wall in the pore volume tend to move towards the central region. This depleted
layer is called the Excluded Pore Volume (EPV). EPV contributes to the velocity enhancement
effect and is most dominant in large pore siBesinetzeret al. (2014)determined IPV values
varying from 15/ 20% from their corefloadg experiments on cilvet limestone rocks with

low permeability ranging from 0320 mD using HPAM polymerlISofi et al (2017) also
obtained an IPV in the same range of 17% from their corafigakperiment on a carbonate

core.

2.4 Factors Affecting Polymer Retention

Polymer retention in porous media is a complex phenomenon, and many factors need to be
considered while dealing with this issdéerefore, this section extensivegviewsthe effects
of polymer type, reservoir temperatunagtersalinity and compositionand the presence of oil

on polymerretention.

2.4.1Effect of Polymer Type

As was previously mentioned, the two most widely used polymer types are synthetic partially
hydrolyzed polyacrylamide (HPAM) and biopolymer Xanthan Gum.

HPAM is relatively cheap and hence used in most field pro{&etsth, 1970; Zhang
et al, 2011; Zaitouret al, 2012; Aalaieet al, 2014; Shengt al, 2015) However, HPAM
polymers have limited applications in harsh reservoir conditions of high temperature and high
salinity due to their instability at these conditiombe acrylamide groups within the HPAM
polymer hydrolyze to form acrylate groups and this is accelerated at high temperature and high
salinity conditions resulting in precipitatiorfBiab and AtShalabi, 2019; Jouenne, 2020)
Polymers containing inylpyrrolidone (NVP) are developed to improve thermal stability in
harsh conditions. NVP, being a neutral monomer, decreases the polymer's anionicity and
protects neighboring acrylamide units from hydrolysis. Despite their imgretedility, these
polymers have certain drawbacks, such as limited molecular weight leading to decreased
viscosifying power, higher cost, and potential raw material supply igSoegnne, 2020)
Polymers containing-Acrylamido-2-Methyl Propane Sulfonat®MPS) are highlighted for
their ability to withstand temperatures above 95 °C, particularly when the AMPS content is

high. Jouenne (2020) discusses various studies and aging tests demonstrating thatAMPS
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copolymers, especially those with high AMPS content, show excellent thermal stability,
retaining significant viscosity even at high temperatures and salinities. Acrylamido Tertiobutyl
Sulfonate (ATBS) is an alkyl acrylamide monomer that also has a sufadigroup attached

to it. The acrylic functional group in the molecule allows the monomer to polymerize easily
with other comonomers. ATBS inhibits acrylamide (AM) hydrolysis, the rate of AM hydrolysis
decreases with an increase of the ATBS confdotienne, 2020Masalmehet al (2019)
conducted studies on SAV10, an ATBS based polyowercluded that these polymers could

be efficient in harsh reservoir conditions of Middle East carbonate reservoirs.

However, gnthetic anionic polymers show highéendency to get adsorbesh
positively charged carbonate rockganget al (2021)studied polymer retention in carbonate
cores with a formation water salinity of 213,723 ppm and a temperature of 10§ a
sulfonated polyacrylamide polymer, a copolymer of acrylamide and acrylaenridgautyl
sulfonate (ATBS), with a sulfonation degree of about 25%. The polymer was stable under these
harsh conditions and led to dynamic retentiorthe range 2t 61 ug/g of rock Dynamic
adsorption studies of sulfonated polyacrylamide on low permeability carbonate reservoirs were
determined in the rage of 100 to 200 pg/g of rogiHan et al, 2014; Jabbaet al, 2019)
Polymer dynamic adsorption for the polymers SAV 333 and SAV 225 with a balanced ratio of
ATBS and NVP on carbonate rocks was found in the range 28 to 84 ug/g ¢Gaitllard et
al., 2014)

Xanthan gum is a highholecularweight polysaccharide biopolymer commonly used
in the oil and gas industry. These polymers are relatively insensitive to salinity. The main
disadvantages akanthan gum are formation plugging characteristics and susceptibility to
bacterial attack. Furthermore, Xanthan gum polymers are unstable in presence of oxygen at
high temperature€hang, 1978)Contrary to Xanthan gum, Schizophyllan and Scleroglucan
are advanced biopolymers stable at high teatpesand salinity conditions (Fourniet al.,

2018; Mukherjeeet al, 2018). Schizophyllan and Scleroglucan showed shear thinning
behavior with good thermal stability up to 120 and salt tolerance up to 220,000 ppm
(Elhossaryet al, 2020; Shoailet al, 2020).However, these polymers show injectivity issues

in low permeability cores and have high manufacturing cost. Hence its field applications are
very limited.

In the case of biopolymers, their helical structure and existence as -aigidnmod
structure in solution impart higher viscosity at lower concentratiéiso, their nonionic
structurdeadsto lower retention ratggouenne, 2020%tatic adsorption studies of biopolymer
Schizophyllan on calcite, dolomite, kaolin, and silica were determined to be 1.18, 1.58, 0.046,
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and 1.40 mg/m respectively. Coreflooding experiments on Scleroglucan polymers on high
permeability sandstone rock and lp&rmeability carbonate rocks at residual oil saturation
showed acceptable polymer retention values of 12 and 8qgligtgk respectivelyFournier

et al, 2018)

2.4.2Effect of Temperature

The influence of temperature on polymer retention in porous media is a complex phenomenon
that has been the subject of numerous studies. Some investigations suggest a positive
correlation between temperature and polymer retention. At high temperatures|yimer
molecules may become unstable and undergo precipitation leading to increased polymer
retention with temperatui@n et al, 2014; Hassapt al, 2022) However, other studies have
shown a negative relationship between temperature and polymer reemionS n i, 20125 k a
Sodeifianet al, 2015; Ominiet al, 2019) At higher temperatures, polymer solubility in brine
is relatively higher, leading to a decrease in adsorption quddaiignne 2020) Further, for
anionic polymers, the thermal motion of ionic groups increases, which weakens the
electrostatic interaction responsible for holding polymer molecules onto the rock gurtace
et al, 2016) Other binding forces responsible for polymer adsorption, including Vander Waals
forces and hydrogen bonding, also weaken at high temperatures decreasing polymer retention
(Hollanderet al, 1981) Shoaibet al (2020)studied the adsorption of Scleroglucan biopolymer
on calcite mineral and observed a downward trend in polymer adsorption values from 1.2 to
0.84 mg/m with an increase in temperature from 25 to°80 Static adsorption studies by
Thomaset al (2020)on Scleroglucan biopolymer and SAV10 synthetic polymer at varying
temperatures from 20to -« s howed retention vaofmck®mr fr om
Scl erogl ucan afratkfd SAY/10f respebtitely.e g/ g

Overall, the effect of temperature on dynamic polymer retention for synthetic polymers
is a complex phenomenon. Therefore, it is important to carefully consider the temperature and

other reservoir conditions when designing and optimizing polymer floogiegations.

2.4.3Effect of Water Salinity and Composition

Salinity can significantly affect polymer retention in polymer flooding in carbonate and
sandstone reservoirs. In carbonate reservoirs, high salinity can increase the retention of

polymers by reducing the permeability of the reservoir rock. This is belmissalinity brines
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can cause precipitation ofinerals such as calcium carbonate, which can clog the pore throats
of the reservoir rock, reducing the effective permeability and increasing the retention of
polymers(Masalmehet al, 2019) In addition, high salinity brines can also cause salbiiy

of the polymer, leading to a decrease in its solubility and an increase in its retention. In
sandstone reservoirs, in the presence of divalent ions, such as calcium or magnesium, the
anionic pdymers can form bridges between the negatively charged sandstone reservoirs,
increasing the retention of polymers. However, the effect may be less pronousaedstones
thanthatin carbonate This is because sandstone rocks are negatively chargeldasad
relatively larger pore sizes and higher porosity than carbonate rocks, which can limit the extent
of pore plugging and polymer retentighlanichand and Serigh014; AlShajaleeet al,

2021)

To minimize the effect of salinity on polymer retention in both carbonate and sandstone
reservoirs, it is essential to select the appropriate polymer type and suitable concentration for
the specific reservoir conditions, as well as to optimize the injectiater salinity and
composition. In some cases, ffleshing the reservoir with lovgalinity water before polymer
injection can also help reduce the effect of salinity on polymer retention. Studies have also
shown that lower adsorption is achieved foréowalinity polymer flooding for sandstone and
carbonate rockéBrantsonet al, 2020; Ramkissoomt al, 2020; Cheret al, 2021). In low
salinity polymer flooding, due to the reduced amount of hardness ionbpotle calcium and
magnesium, the electrostatic repulsion between the carboxyl group in the polymer and the
negatively charged sandstone rock surface is enhanced, which reduces the adsorption of the
polymer onto the rock surfa¢8mith,1970; AFMurayriet al, 2019; Wanget al,, 2020) Unsal
et al (2018 studied dynamic polymer adsorption on sandstone reservoir core plugs iR single
phase conditions with a low salinity polymer solution of 785 ppm salinity and a synthetic
formation brine polymer solution of 6400 ppm salinity. The polymer adsorption was tound
belowerin low salinity polymer flooding, i.e. 53 pg/g compared to 271 ug/g for high salinity
polymer flooding.

In carbonate rocks, the low adsorption from-salinity polymer flooding is due to the
expansion of polymer molecules at the lower salinities. These expanded polymer molecules in
smaller quantities will satisfy the adsorption s{tésrbie 1991) Also, the low salinity polymer
flooding with a higher concentration of negatively charged?Sons reduces polymer
adsorption as these negatively charged?Sions adsorb onto positively charged carbonate
rock surfac€Al-Shalabiet al, 2014; AlFShalabi and Sepehrnog2016; Sharma and Mohanty
2018; Tettelet al, 2020) thus, reducing the adsorption sites for polymeez et al (2019)
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conducted polymer floodingfudies on carbonate cores with a salinity of 6000 ppm consisting
of HPAM polymer and potential determining ions (3@nd C3") at varying concentrations
and varying pH. They reported that adsorption leagr in high SQ? concentration (4000
ppm), absence of €aions, and a neutral pH. Additionally, polymer adsorption reduction by
low salinity polymer flooding was further supported BiSofi et al. (2018) where they
observed adsorption values between 133 to 230qfghrk for high salinity polymer flood of
69,000 ppm salinity as opposed to 84 to 102 d/gock for low salinity polymer flood of
7000 ppm salinity

2.4 .4Effect of Oil Presence

Residual oil affects polymer adsorption depending on the wettability of the rock sanfédce
the polymer typeln oil-wet reservoirspolymer adsorption values are usually less in the
presence of oitegardless of the polymer tyjps the residual oil formswetting film around
the rock particles and smoothens the irregularities in the rock grain parfibkesatter leads
to a reduction in the total surface area and thevater interfacial area available for the
polymer molecules to get adsorbed affagheset al., 1990; Brosetat al, 1995; Hatzignatiou
et al, 2015; Wanget al, 2020and2021) On the contrary, in watevet reservoirs, the oil
droplets get trapped inside the large pore spaces, and additional adsorption sites are formed,
causing an increase in adsorptiorcase of nofionic polymersn the presence of ojBroseta
et al, 1995)

Studies have shown that in-gilet reservoirs, retention values are reduced by a factor
of 4 to 6 in the presence of ¢bkaugeet al, 2020) Furthermore, in low permeability eiet
rocks, the combined effect of a reduced surface area in the presence of oil and a high
inaccessible pore volume reduces the polymer adsorption ontocthsurface in th@orous
medium(Weveret al, 2018) Corefloodng experiments conducted on low permeability oil
wet limestone rocks, with HPAM polymer at varying concentrations from 5069 Jopm
led to dynamic adsorption values in the range abDD pg/gof rock. The latters considerably
low when compared to dynamic adsorption of 530 pg/g for a low permeability limestone rock
in a singlephase experimeriAl Sofi et al, 2017)
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2.5Desalination Methods

Low salinity and chemistry alteration of the injection water is gaining more attraction for
chemical EOR applications. These low salinity brines consume fewer chemicals to achieve the
target insitu viscosity than higher sanity brines, thus leading toifsignt cost reduction
(Shiran and Skaug2013; Vermoleret al, 2014; Kakatiet al, 2020) Brine recipes of varying
compositions are achieved by varying injection water salinity and ionic composition.
Commonly used desalination techniques include chemical precipitation technologies,-thermal
based methods, and membrdrased methods. Chemicalepipitation technologies involve

the addition of chemical reagents to remove divalent catiort$ §6d Md¢*) and it is achieved

by raising the pHof the waterby different techniques to values greater than 10. Different
chemical precipitation technologieinclude lime/soda ash and caustic soda softening
techniques. In lime/soda asloftening techniques as the name indicdie® is added to
remove the carbonate hardness and soda ash is added to rem@azbooate hardness.
Whereas, in caustic soda softening techniguaeistic soda is added to raise the pH thus
removing both carbonate and nRoarbonate hardnesddowever, these methods are
economically nosviable for fieldscale use due to the high cost of the chemicals required and
the obstacles related to removing and disposing of the precipitated fiadipaitari and Asr

2013) Thermal technologies heat the saline feed water to colleefrealpure water as a
condensed vapor from the distillation procégslarde and Alejandrc2018) On the other

hand, membranbased technologies apply pressure to force the desalted water to pass through
the membrane and leave the selective salts béNiaidet al, 2019)

Ayiralaet al.(2010)concluded in their review of various seawater desalination methods
that thermabased methods are not suited for offshore fields due to the difficulty of
accommodating the ample space, weight, and steam requirements. Nonetheless, this study
proposes that embranebased reversesmosis is an attractive option in offshore
environments, given its relatively compact space and lower energy requirement than thermal
methods. Reverse osmosis (RO) and nanofiltration (NF) are the two merbassate
desalination mettds. In Reverse osmosis, the partially permeable membrane is much tighter
with pore sizes less than or equal to 0.0005 micrBaghermore, these partially permeable
membranes are capable of efficiently rejecting both monovalent and divalent ions from
seawater. Hence, the product from RO membranes is essentially freshwater, and the rejected
water is highly concentrated in both nowalent and divalent ions. On the contrary, the
partially permeable membranes in Nanofiltration units are relatively largdr,poite sizes
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ranging from 0.05 to 0.05 micron and a 200 Dalton molecular weightatfitMoreover,
nanofiltration membranes selectively reject only divalent cations and sulfates with high
rejection efficiencies. Hence, these product waters are rich in monovalent ions, whereas the
reject water contains only divalent ions.

YousefandAyirala (2014)developed a new watéwnic technology combining the two
membranebased process nanofiltration and reveaysmosis in a parallel configuration to
obtain different streams of water with varied ionic strengths and compositions. The different
streams of wateobtained are mixed effectively to yield a required brine redyaer et al
(2016)developed a low salinity brine formulation with varying ionic compositions for EOR
applications in carbonate reservaiiserea combination of pressutgsed membrane process
reverse osmosis and nanofiltration was used to develop these recipes. The following dilution
options were considered) Nanofiltration retentatandreverseosmosis membrane permeate,

b) Nanofiltrationretentate with multflash distillation (MSFD) of seawate) Nanofiltration
retentate, and naturally fresh water. Althoughséhaertionedtechnologies yield a feasible
solution, they still have limitations in altering the water chemistry of the injection water,
especially when it comes to incorporating selected ions and providing efficient water
management for largecale field applicationsAyirala and Yousef (2016fonducted a
comprehensive review of some emerging and existing desalination technologies to propose a
potential water treatment solution that can efficiently tune the injection water chemistry for
smart watetooding in carbonate reservoirs. Their review concluded that there is no
commercial technology available yet to selectively remove specific ions from seawater in one
step and meet the desired water chemistry requirements forwatartflooding However, a
combination of different technologies caroguce the desired combination of low salinity

brine recipes.

2.6 Economics of Low Salinity Polymer Flooding

In general, studies have shown that the economics of polymer flooding is governed by the
amount of oil recovered and cost of the polymer. For commonly used HPAM polymers, the
cost of the polymer is $1.50/Ib (Alusta al, 2012; Vermoleret al, 2014). Further, polymer
injection cost and polymer production are $0.50/bbl and $0.504s@ectively (Alustzt al,

2012). Wanget al (2003) in their study has shown that operational costs for polymer flooding
appear higher by $0.58 per barrel compared to fl@beling. Also, the treatment costs for both
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water and produced fluids are higher in polymer flooding by $0.14 and $0.316 per barrel,
respectively.

Application of low salinity polymer flooding can reduce the cost of polymer flooding
projects in various ways. Vermolen al (2014) have analyzed the economic aspects of using
low salinity brine in polymer flooding for enhanced oil recovery (EOR). This evaluation
consideed the impacs of polymer stabity and adsorption on the overall economics of the
project. The study concludehat application of low salinity brine reduces the cost through
reduced polymer concentration, as the low salinity water reduces the polymer concentration
needed to achieve the desired viscosity. This reduction can be substantial, especially in high
salinty reservoirsFor examplein reservoir with 260,000 ppm Total Dissolved Solids (TDS),
polymer concentration can be reduced by tdnes by lowering the makap brine salinity to
1,500 ppm TDS. Further, this study demonstrated that the shear sensitivity of polymers
decreases with lower salinity, which is beneficial as it reduces the viscosity loss during
mechanical processes. Moreover, lower salinity also leads to fewer issuesaliihg, souring,
and oil/water separation, enhancing overall operational efficiency and potentially reducing
costs related to these issues. Tteer studyemphasizd that while using lowsalinity polymer
flooding, polymer adsorptiortan beminimized Hence the delay in the oil recovery can be
reduced,lowering the overall cost. For harsh reservoir conditions which require a more
expensivepolymer, then the polymer cost saving associated with the low salinity injection
water would increase significantly.

Further, in the low salinity polymer flooding. The production of low salinity brine
comes at a cost. Reverse osmossatination costs were USD 0.86/of treated water
(onshore), and greater than USD 2r@lof treated water (offshore) (Yousef and Ayirala, 2014).
Onshoretreatment costs of produced water from the North Sea differ from 0.19 to 3.40
USD/bbl of produced water (Naét al, 2019).Nair et al. (2016)has performed economic
analysis of smart water production for enhanced oil recovery (EOR) in chalk reservoirs with
various scenarios: a) Nanofiltration retentate and revessesis membrane permeate, b)
Nanofiltration retentate with muiflash distillaton (MSFD) of seawater ¢) Nanofiltration
retentate, and naturally fresh watéheyshowed that a combination of NF and RO in parallel
configuration can be considered as the most economic feasible option when compared to other
advanced desalination techagies. The membrane costs factored into the economic analysis
were $726 for a reverse osmosis membrane and $335 for a nanofiltration membrane.

The research conducted by Ayiratal (2010), which involved an advanced facility
engineering analysis utilizing reverse osmosis desalination, evaluated tiedfects¢eness of
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using low salinity water in offshore polymer flooding operations relative to traditional seawater
polymer flooding. The study examined two scenarios based on different injection capacities
10,000 m3/d and 45,000 m3/d and two levels of polymer solutiosityof 3 cP and 6 cP.
Findings from this study indicate that low salinity water polymer flooding stands out as a cost
efficient method when compared to its seawater counterpart. The study estimates that the
additional investment in desalination technglaguld be recovered within a period ranging
from 1.6 to 4 years, due to the substantial cost reductions in chemical usage and polymer
processing facilities attributed to the low salinity approach. Moreover, the time required to
recover the costs was obged to be shorter for high viscous polymer solution, as these
conditions typically necessitate higher polymer concentrations and more extensive facilities

when using seawater, thus leading to enhanced operational expenditure savings.

2.7 Correlation betweenStatic and Dynamic Retentiors

Accurately determining polymer retention is pivotal in ensuring the efficacy and operational
success of a polymer flood project. The precision in these determinations is crucial as it governs
the optimal performance of the injected polymer solution, sulesgly impacting the oil
recovery rates and the overall economic viability of the projecthis context, plymer
retention studiemcludingstatic adsorption and dynamgtentionstudiesbecome crucial tools

in evaluating polymer behavior within regeir conditions.

Static adsorption method is comparatively more accessible, faster, and dheaper
those involving the dynamic adsorption approach. Static adsorption tests are mainly used as a
preliminary screening method for polymers. Experiments are conducted on crushed rock, to
which a known polymer concentration is transferred and mixed Belsequently, the
polymer solution is separated from the crushed core, and polymer concentration loss due to
adsorptioris determinedSzabo, 19750gunberu and Asgha2005)

Dynamic retention measurements aatained by different methodsOne of the
methodsusesmass balance principle to determine polymer retention. In this method, a slug of
known polymer concentration is injected through the core, and the effluent polymer
concentration is analyzed. The polymer injection is continued until the effluent polymer
corcentration equals the injected polymer concentration, indicating no more polymer retention
is occurring. Then brine pefish is conducted to flush out all the mobile polymer molecules,
and the polymer amount released in the effluent is meastheddifference in amount of
polymer injected and polymer produced will give the amount of polymer retghf@RP 63,
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1990; Wanget al, 2021) This methodvasapplied in this research. Another method has been
disussed in the literature knownths double slug injection method, where two polymer slugs
containing a tracer are injected separately, and a thorough brine flush is performed between
them. When the first slug is injected, the process of polymer retention prevails, slows down the
p ol y mewverdest, anmtbresults in a late breakthrough. In addition to adsorption, IPV also
leads to an early polymer breakthrough. However, at this poinametdifferentiate between
the relative delays related to adsorption and IPV. When the second polymer slug is injected,
the polymer front is accelerated due to the IPV, as the adsorption has already been satisfied
during the previous polymer slug, leaditogan early breakthrough. Once the displacement is
complete, the effluent is collected and analyzed for the tracer and the polymer. One can
calculate the retention by determining the delay between two polymer fronts. This westhod
also beapplied at fiéd scale to determine polymer retentidanichand and Seright, 2014)
Dynamic polymer retentiorvalues, a combination of adsorption and mechanical
entrapment, resudtin differing shapes of the normalized polymer concentration profile, as
depicted inFigure 2.4, assuming tat no dispersion is occuringn scenarios lacking
mechanical entrapment, the normalized polymer concentration (illustrated as cuFRigure
2.4) remains at zero until the point of breakthrough, at which it abruptly rises to and maintains
a level of unity. Conversely, in the presence of mechanical entrapmenietidehrough is
observed to occur with a slight delay (represented by curire Kigure 2.4), with the
concentration at the time of breakthrough rising from zero to approximately 0.5. Following
this, there is a gradual increase in concentration until it finally reaches unity, necessitating the
injection of numerous pore volumdsafajzadelet al, 2016;Akbari et al, 2019).In dynamic
retention experiments that utilize a tracersipossible to distinguish between adsorption and
mechanical entrapment @nalyzing the concentration profiles of both the tracer and the
polymer. The difference in positioning (or shift) between these profiles indicates adsorption,
while the variation (or deviation) in their profiles points to mechanical entrapment (Farajzadeh
et al, 2016). Conversely, in experiments conducted without a tracer, differentiating between

adsorption and mechanical entrapment becomes significantly more challenging.
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(Akbari et al, 2019)

The results obtained from the static tests are not representative of field values due to
factorsincluding differences in the surface area exposed, the inconsistency in the residence
time, and varying solid to liquid ratio. In addition, mechanical entrapment cannot be predicted,
and there are disagreements in wettability on disintegrated rock aresénmeoir rocSzabo,
1975;API RP63, 199Q Al-Hajri et al, 2020; Thomagt al, 2020; Hernandekoraleset al,

2023) Nevertheless researchers are currently undertaking initiatives to control these
parameters in order to make static adsorption as representative as dynamic ad8oHbajoin

et al. (2020) made a significant contributionttis areaby developing aorrelationbetween

static and dynamic retentiswithin sandstone reservoirs. Their work is pivotal as it seeks to
bridge the gap between static adsorption measurements and dynamic retention predictions
However, the correlation presented has its limitations. Notably, it falls short in addressing the
influence of mechanical entrapment and the presence of oil in the reservoir. These elements are
crucial as they could significantiffectthe accuracy of retention predictiogolabi et al.

(2021) introduced an innovative approach designed to quantitatively map various retention
mechanisms specifically in sandstone reservoirs. This methodology underscores the evolving
intricacies of understanding retention in enhanced oil recovery scemaoug]ing a clearer

lens to discern how different mechanisms play out within the confines of sandstone reservoirs.

One of the primary drawbacks of their model is the omission of considerations reltted to
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presence of oil in the reservoir. This is a crucial aspect, as the oil presence can significantly
affect retention mechanisms

Thesdimitations necessitatéurther refinements to the correlation to incorporate these
unconsidered parameters, paving the way for a more comprehensive and robust predictive

model suitable for a wider range of reservoir conditions.

2.8 Machine Learning Techniques

Machine learning (ML) is a specialized area within artificial intelligence tf#d} utilizesdata

and mathematical algorithms to perform certain tasks. The process staifgaiiting data |,

which is the initial set of data used to help the machine recognize patterns between input and
output variables. After training, the model is tested with new, ddiach hasnot seen before,

known asi t e s t Thid ketpsat@ check if the machine learning model has been trained well
enough to make accurate predictions or decigibleyeset al, 2018; Sarker2021)

Depending on the data and the goal, ML is usually grouped into three main types:
supervised learning, unsupervised learning, and-sapervised learning. First, supervised
learning involves training models using a labelled dataset, where both inputreespponding
output are providedn this case,le primary goabf the modelis to learn the underlying
relationship between the input and output, enabling it to make predictions when presented with
new, unseen data. In contrast, unsupervised leadaagnotrely on labelled data. Instead, it
aims to identify patterns, relationships, or structures within the data, often leading to tasks like
clustering or dimensionality reduction, where data is grouped based on inherent similarities or
differences. Bridging @ gap between these two is sesupervised learning, which utilizes a
mix of both labelled and unlabeled data for training. This approach leverages the large volume
of oftenavailable unlabeled data to enhance the learning process, benefiting from the
underlying structure of the data while also making use of the known labels to guide the learning
(Bruntonet al,, 2020; Jhaveret al, 2022) In this study, the primary emphasis is on supervised
machine learning, a technique where algorithms are trained using labelled data to make
predictions or determinations. Within supervised learning, there are two main tasks: regression,
which predicts a aatinuous value, and classification, which categorizes data into predefined
labels. While both tasks have their unique applications and characteristics, this work will

particularly concentrate on the regression aspect.
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2.8.1Different Concepts in Machine Learning Application

2.8.1.1Regression Metrics

In regression analysis, various metrics assist in evaluating the accuracy and robustness of
predictive modelsOften, a combination of these evaluation metrics is needed to assess the
performance of the model.

The Mean Absolute Error (MAE) offers insight into the model's performance by
calculating the average absolute difference between predicted and true values, ensuring a
straightforward linear penalty for every unit of er{darshini et al, 2021) The MAE is
calculated based on tlguation 2.3 as follows:

080 - ® |, 23) (

whereyar e t he a careuhe predictadlivaluess and rRis the number of observations.
Mean Squared Error (MSE) is a widely adopted metric in regression studies that gauges
the discrepancy between real and forecasted values. It signifies the mean of the squared
variances between the true observed outcomes and the estimations made by th&€hmode
squaring in the formula ensures that each term is positive, so errors in opposite directions do
not cancel each other out. It also emphasizes larger errors over smaller ones, meaning that the
model is penalized more for making bigger mistakes tbamtking smaller ongg&\hmadet
al., 2021; Yafouzet al, 2022) Equation 2.4 representshe formula for computing the SE.

0 "YO - @ | . (2.4)

Root Mean Squared Error (RMSE) is a widely used metric in regression analysis that
guantifies thenodebs prediction error. It represents the square root of the Mean Squared Error
(MSE). By taking the square root of MSE, the RMSE gives a more interpretable measure of
error in terms of the original units of the dataset, providing an idea of the average neagnitud
of the error between predicted and actual vali@sai and Draxler2014) The RMSE is

computed usingquation 2.5 as follows:

YO YO- B @ [ . (2.5)
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The Coefficient of Determination, often denoted &s(R-squared), is a statistical
measure that represents the proportion of the variance for a dependent variagbéxfiiained
by independent variables in a regression model. It provides an indication of how well the model
fits or explains the observed data. Ah\Rlue of 1 indicates that the regression predictions
perfectly fit the data, meaning that all the variability of the dependent variable is accounted for
by the independent variablé¢Sapra 2014; Chicceet al, 2021) Conversely, an Rvalue of 0
indicates that the model does not explain any of the variance in the dependent VidvéRte.

is determinedisingEquation 2.6.

Y oop S 26) (

whereyar e t he a caretha predictedlvaluessans thie mean value of the data set

and n is the number of observations.

2.8.1.2Biasi Variance Tradeoff

The BiasVariance Tradeoff encapsulates a core dilemma in machine learning, addressing the
delicate balance between two primary error sources in models: bias and variance. Bias arises
when a model, due to its overly simplistic nature, fails to grasp theate patterns within

data, leading to underfitting. This type of modelmareven perform adequately on its training
data, let alone unseen data. On the other hand, variance highlights &neu#tncy to be
overlyinfluenced by minute fluctuations in training data. Such a model, in its quest for perfect
training data accuracy, ends up modeling noise and outliers, resulting in overfitting, which
harms its performance on new data. In an ideal scenario, a model waoulldiseously exhibit

low bias and low variance. However, in practical applications, enhancing amcal@lplexity

to reduce bias often inadvertently heightens its variance, and vice versa. Striving for
equilibrium, practitioners employ various strategiggricate models or added features to
combat high bias, and data augmentation, feature reduction, or regularization to curb high
variance. Ultimately, the art of machine learning hinges on this continuous calibration, ensuring
models are adept at genézadg insights from training data to novel scenai(@sidivadaet

al., 2017 GuanandBurton, 2022)Figure 2.5 represents the schematic of biasiance trade

off.
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(a) Low bias, low variance. (b) High bias, low variance.

(c) Low bias, high variance. (d) High bias, high variance.

Figure 2.5: Schematic representing thébias-variance tradeoff (Doroudi, 2020)

2.8.1.3Underfitting

Underfitting is a situation in machine learning where a model is too simple to capture the
underlying relationships in the daf@igure 2.6). This inadequacy means that the model fails

to represent critical aspects of the data, leading to poor performance on both training and unseen
datasets. Often a result of overly simplistic algorithms, insufficient features, or premature
termination of traning, underfitting hinders thmodebs predictive capability. Essentially, an
underfitted model has not learned enough from the training datderingit ineffective at
generalizing to new, unseen daad resulting in higher than necessary errors for both known
and unknown inputflabbar and Khar2014)

2.8.1.40verfitting

Overfitting occurs when a model is too complex and learns the training data too well, resulting
in poor performance on unseen data. Instead of discerning just the general patterns, an
overfitted modelcaptures even the minor fluctuations and anomalies in the training data
(Figure 2.6). Consequently, while it might perform exceptionally well on the training data,
showecasing high accuracy, it struggles to maintain similar performance on new, unseen data.

This is because the model has essentially memorized the training set rather ératanduhg
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the underlying structure. Overfitting can result from overly complex models, insufficient
training data, lack of proper regularization, or not using a diverse enough dataset during
training. Addressing overfitting is critical, as models in #walld scenaos are valued for

their ability to generalize to new data, not just their performance on knowiYdatget al,

2019)
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Figure 2.6: Schematic representingunderfit ting, good fitting, and overfitting (Badillo et al.,
2020)

2.8.1.5K -fold Cross Validation

K-fold cross validation is a technique for evaluating the performance of a predictive model. It
involves dividing the dataset into k subsets of approximately equal size. The model is then
trained and evaluated k times, each time using a different subtbet @alidation set and the
remaining subsets as the training set. The performance metrics obtained from each fold are
averaged to provide a more robust estimate ohtbdebs generalization performance. This
approach offers two primary advantages: itizgs the entire dataset for both training and
validation, providing a more comprehensive evaluation, and it mitigates the risk of anomalies
from a single random traitest split influencing thenodebs perceived performangg.ittle et
al.,2017) However, itis worth noting thaK-fold crossvalidation increases the computational
burden, as the model needs to be trained multiple times. Common choices for k include 5 or 10
(Ghorbani and Ghous2020; Ntietal., 2020) but the optimal number can vary depending on

the dataset size and specific «wsese(Nti etal., 2021)

2.8.1.6Regularization

Regularization techniques are essential tools in machine learning to prevent overfitting. It

works by adding a penaltgrm to the loss function during trainingy lossfunction measures
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how well a model's predictions align with the actual outcorfieepenalty termadded to the
loss functionpenalizes large parameter values, which helps to shrink the model and make it
less complex. Two common types of regularization techniques are L1 regularization (also
known as Lasso regularization) and L2 regularization (also known as Ridge regularization).
Both techniques add a penalty term to the loss function that the modehgs tyminimize
during training. The penalty term is based on the ni@edekights, and its purpose is to
discourage the model from assigning excessively large weights to certain features, which helps
control the modés complexity.

L1 Regularization (Lasso) adds the absolute values of the weights to the loss function.
This encourages the model to shrink the less important feature weights to zero. As a result, L1
regularization performs feature selection by effectively setting thHéaents of less relevant
features to zero. This can lead to a sparse model where only the most important features are
retainedrenderingthe model more interpretab{Blusrat and Jan@018 EmmertStreib and

Dehmer2019. L1 regularization isepresentetdy Equation 2.7 as bllows:

0 "YO - O | B & h 2.7

whereyar e t he a careuhe predictadlivaluess and rRis the number of observations,
ande= i s the parameter sel ect-\al idkegpteinadn .ngADno t
MSE increases, which reduces the values of coefficients.

L2 Regularization (Ridge) adds the squared values of the weights to the loss function.
Unlike L1 regularization, L2 regularization does not force the weights to become exactly zero.
Instead, it encourages the model to have smaller buzeanweights foall featuregHastie
2020) This helps to prevent the weights from becoming too large and overemphasizing specific

featuresEquation 2.8 can be used to depict L2 regularization.

0 "YO - o | B & 8 (2.8)

2.8.1.7Heatmap and Pearson Correlation Coefficient

The Pearson Correlation Coefficient (PCC) c@mmmonlyusedstatistical metric that measures
the strength and direction of a linear relationship between two input parameters. Its value
ranges betweerl and 1, inclusive. A value of 1 indicates a perfect positive linear relationship:

as one parameter increases,dtieer also increases at a consistent rate. A valukiotlicates
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a perfect negative linear relationship: as one parameter increases, the other decreases. A value

of 0 suggests no correlation between the variables indicating that the input parameters are

i ndependent of each ot her, andprevents urelerfitisg. t o d ¢
The PCC is given bEquation 2.9as follows:

i R (2.9)

where r is the correlation coefficient, ig the first parametex.is the mean value of the x
parameter, \is the second parameter, and the mean value ofgarameter.

A heatmap is a graphical representation of data where individual values contained in a
matrix are represented @&slors In the context of machine learning, heatmaps are often
employed to visualize the correlation between input parameters. When using heatmaps to
represent correlations, for example, between features in a datasetpthistensity and scale
represent the Pearson Correlation Coefficient values. Begbts(e.g, intense red or blue)
typically indicate high positive or negative correlations, whidors closer to neutral (e.g
white or Gray) indicate weaker correlatiqi@®oscia 2021; Sami and Ibrahin2021; Luet al,

2023)

2.8.1.8Feature and Permutation Importance

Feature importance is a critical concept in machine learning and data analysis. It helps
understand which features (or variables) in the dataset have the most significant influence on
the outcome or target variable. By identifying important features,amenake more informed
decisions about model selection, feature engineering, and data interpretation. There are various
ways to measure feature importance, and the choice of method depends on the type of data and
machine learning model applied. Tyeased mdels have budin mechanisms to compute
feature importancelhe two most common methods are Gini Impuaitid Mean Decrease in
Impurity. Gini Impurity is a measure of how often a randomly chosen element would be
incorrectly classified. It gives an idea of the disorder or randomness of the labels. In the context
of a decision tree, when evaluating a potential split, the Gini Impurity medsomemixed the

labels are in the two groups created by the spliile Mean Decrease in Impurity (or Total
Decreasén Impurity) refers to the total reduction of the impurity measure (often Gini Impurity,

but it could also be entropy or other impurity measures) brought by a feature. It is computed as
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the difference between the impurity of the parent node and the weighted average of the
impurities of the child nodes. In ensemble models like Random Forests, this decrease is
averaged over all trees to determine the feature's importance. This metriiegihaty much

each feature contributes to decreasing impurity across all decision nodes in which it is used.
So, while Gini Impurity helps in making individual split decisions, the Mean Decrease in
Impurity gives a more holistic view of a feature's impoc&over the entire model or ensemble

of trees The Gini Impurity for a node is computedsed orequation 2.10.

0@ o1 Pod® 1 h (2.10)

where ris the proportion of instances in the node that belong to class i.

The feature that results in the greatest reduction inl@purity when used for splitting
the data is considered the most important. Specifically, the decrease in impurity (or
improvement) is calculated for each feature when ised for splitting, and this decrease is
averaged over all nodes in the tree where the feature is used. The larger the decrease, the more
important the feature is considered. This process is repeated for all features, and you end up
with a ranking of femres based on their contribution to reducing impurity. Features that lead
to a moresignificant reduction in impurity are considered more important in the decision tree
model.

Permutation Importance is a powerful method for assessing feature importance in
machine learning models. It operates by disrupting the intrinsic relationship between a feature
and the target variable, allowing us to gauge fimturés significance accurately. The
procedure unfolds as follows: first, it measures ithedets performance on a validation
dataset, typically using metrics like accuracy or mean squared error, without any feature
shuffling, which serves as a baseline performance level. Therratdutes randomness by
shuffling the values of a specific feature within the validation dataset, effectively erasing any
meaningful connection between the feature and the target variable. Afterwardodieés
performance is revaluated using the dataset with shuffled feature values. The degree of
performance deterioration, compared to the baseline, quantifies how much the model relies on
that feature. If theres a substantial decrease in performance, it indicates higher feature
importance. This process repeated for all features in the dataset, providing a comprehensive
ranking of feature importance. Permutationportancés advantage lies in its ability to directly

assess eacfeatur@s contribution to themodebs predictive capability, regardless of the
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underlying relationshipstenderingit adaptable and suitable for various types of machine
learning model¢Altmannet al, 2010; Huangetal., 2016; Saarela and Jauhiain2021; Niu
etal., 2022)

2.9 Machine Learning Algorithms

2.9.1Tree BasedM odels

Treebased models are foundational tools in machine learninghageére commonly used in
supervised learning for taskach agprediction and classification. These models split data into
groups, called nodes. The process begins witto@t nod® and then branches infolecision

node® based on feature conditions. As the data splits more, the model becomes more complex,
improving its prediction accuracy. The goal is to end Wilitlaf nodeé Initially, the root node

has mixed featuresenderingt less pecific orfimpured. As the model works, it tries to make

the decision nodes more specificfmured by choosing the best features for splitting. This
continues until no more effective splits can be made. Details of the model, such as how many
features to use or when to stop splitting, are determined by hyperparameters. After the model
is trained, new da is passed through these decision nodes to get a prediction. A key strength
of treebased models is their simplicity and clarity in res(ltanerjeeet al, 2019; Avandet

al., 2020)

Furthermore, recent advancements in-tstased models have positioned them as
effective and intricate learning algorithms. Over time, various-hesed algorithméiave
emergedsuch agdecision tree, random forests, extra trees, AdaBoost, gradient boosting, and
XGBoost(Makhotinet al, 2022) In this study, we employed all these six methods to forecast

dynamic retention, usingarious parameters

2.9.1.1Decision Tree Algorithm

The decision tre€DT) is one of the most intuitive and popular machine learning algorithms
used for both classification (categorizing items into groups) and regression (predicting
numerical values)A decision tree represents decisions and their possible consequences in a
treelike model. The root of the tree is the initial decision, and each branch represents an
outcome or decision based on conditions, leading to leaves which represeutcthaeor
decision. Decision tree models are easy to understamd iaterpret,require little data
preprocessing (no need for normalization), daddleboth numerical and categorical data.
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However, these models are prone to overfitting, especially on small datasets or trees that are
too deep. It can be sensitive to small changes in the data and are less deigunae?.7

representaschematic of DT algorithrfzhu et al.,, 2020; HuynhCametal., 2021)
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Figure 2.7: Structure of Decision Tree algorithm, modified from Hafeezet al (2021)

2.9.1.2Ensemble Models

Ensemble models in machine learning harness the power of multiple models to achieve better

predictive performance than could be achieved by any of the constituent models alone. The

underlying idea is that by combining several models, the individual wesdseseach can be

mitigated, resulting in improved overall accuracy, robustness, and generalization to new data.
Bagging or Bootstrap Aggregating is a technique used to enhaogeacyand reduce

the overfitting of machine learning models. Bootstrap sampling involves taking several random

subsets from a dataset, a processigperformedwith fireplacemerit This means the same

data point might appear in different subsets. For each subset, a model, usually a decision tree,

is trained. Whent is time for predictions, the ensemble uses an average ohtuel$

predictions for regression tas@gEgure 2.8). One of the main advantages of this approach is

the reduction of overfitting. Since each model only gets a portion of the dataarthegs

likely to overfit. Furthermore, the ensemble typically achieves better accuracy because the

individual errors of thenodels tend to cancel olt.popular application of this method is the

random foresalgorithm. This not only uses the basic bagging principle but also adds an extra

layer of randomness. For every decision a tree makes, only a subset of features is considered,

resulting in a variety of trees. However, there are challefiagesl by this method’he method

can be computationally intensive due to multiple models being trained. While a single decision

tree can be relatively easy to understand, an ensemipgzsfdan complicate interpretation. In
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a nutshell, bagging trains multiple models on random data subsets, and by combining their

outputs, it often provides more reliable res(taser, 2021)
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Figure 2.8: Schematicof bagging ensemble learning modemodified from Hafeezet al (2021)

Stacking is a type of ensemble technique in which multiple machine learning models,
known as firslevel learners, are used together to makedictions. These individual
predictions are then combined by a seectaw#l model, or metéearner. Unlike bagging
methods like random forests, which use sampling and random feature selection, stacking uses
the entire dataset for each model. This apgraamphasizes the need for diverse machine
learning models, ensuring varied predictions that can be averaged for better af€iguaey
2.9). The key challenge in stacking is determining the best way to combine individual model
predictions. Some common rhetls for combining predictions include super ensemble and
blending. While stacking can be applied to both classification and regression problems, it
not as commonly adopted as bagging or boosting. This is primarily because stackingtdoes
introduce randomness in its learneesderingt potentially more susceptible to high variance.
Furthermore, some studies have found stacking models to perform slightly inferior to other
ensemble methods. Overall, while stacking offers a unique approach to enkambie by
leveraging the strengths of different models, its efficacy can vary based on the data and problem
at handZhuet al, 2022; Kaluleet al, 2023; Luet al, 2023)
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Figure 2.9: Schematicof stacking ensembldearning model, modified from A n L eet al (2022)

Boosting is an ensemble technique designed to convert weak learners into strong ones
by focusing on training errors. Instead of training models independently like in bagging,
boosting trains models sequentially. Each new model attempts to correct therexder by its
predecessor. In boosting, every instance in the training set is assigned a weight, indicating its
importance. Initially, these weights are equal for all instances. However, as training progresses,
instances that were misclassified by previouglels are given more weightnderinghe next
model in the sequence focus more on them. The final prediction is made through a weighted
vote of all the model@igure 2.10). Popular examples of boosting include AdaBoost, Gradient
Boosting, and XGBoostdaBoost (Adaptive Boosting) works by adjusting the weights of
misclassified instances in each iteration, ensuring that subsequent weak learners focus more on
previously misclassified samples. After training, it combines these weak learners into a single
ensemble model byveighing their predictions based on their overall accura@yadient
Boosting fits the new predictor to the residual errors of the previous predictor. Essentially, each
new tree tries to correct the mistakes of its predecessor by fittitige tresidual errors. The
final prediction is an accumulation of predictions from all individual tré&Boost is an
optimized implementation of gradient boosting. It offers parallel tree boosting to make the
training faster and more efficient. Additionally, XGBoost includes regularization terms in its
objective function, which can help in reducing ovérig, and it is equipped with additional
features for handling missing values and improved-preaing logic.All three boosting
algorithms combine mtiple weak learners to create a strong ensemble modelBoosting
approach not only tends to improve accuracy but also reduces bias and vasiategngit

one of the most effective ensemble methblszerthelesst is more computationally intensive
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and can sometimes overfit, especially when tier®ise in the dat@erreiraandFigueiredo,
2012; Sibindiet al,, 2023)

Figure 2.10: Schematicof boostingensembldearning model (Liang et al., 2020)
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CHAPTER 3: MATERIALS AND METHODS

This chapter provides a comprehensive overview of the materials used, experimental setup,
sample preparation, data collection procedures, analytical techniques, and software used to

achievethe research objectives.

3.1 Materials

This section details the materials uded this studyincluding makeup brines, crude oil,
polymer, crushed rock, and core plug samples.

3.1.1Makeup Brines

The study utilized twelve distinct makeup brines, encompassing synthetic formation water,
synthetic seawater, various dilutions of formation water and seawater, as well as brine recipes
with different concentrations of &a Mg?*, and SG@*. The abbreviations FW and SW
represent formation water and seawater, respectively. Additionallyl AW\2, and FW3
denote Simes, 16times, and 2Qimes diluted formation water, while S\ SW-2, and SW

3 represent fimes, 25times, and 10@imes diuted seawatergegspectively.These dilutions

were formulated to have a varied salinity range to study the effect of salmipolymer
retention Furthermorefour brines, namely SWIA, SW-1B, SWXC, and SW1D represenb-

times diluted seawatavith different ionic compositionall with the same total dissolved salt
content (8,502 ppin These variations involved: eliminating Lavhile maintainingMg?*
(SW-1A), eliminating Mg+ while maintainingCa* (SW-1B), eliminating both C4 and Md¢*

ions (SW1C), and maintaining both €aand Mg*ions while doubling the amount of $O

ions (SW1D). In all instances, the overatital dissolved solids were consistently maintained
by compensating for the altered ions with an equivalent amount of Ndt@l. ionic

compositions of all twelve synthetic brinesepresented iTables3.17 3.3.
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Table 3.1:1onic composition of formation water and its different dilutions

lonic FW FW-1 FwW-2 FW-3
Composition (ppm) (ppm) (ppm) (ppm)
Na* 52,952 10,590 5,295 2,648
(oF: 9,250 1,850 925 463
Mg?* 1,446 289 145 72
K* 744 149 74 37
Cr 102,722 20,544 10,272 5,136
TDS 167,114 33,423 16,711 8,356
Table 3.2:lonic composition of seawater and its different dilutions
lonic SW SW-1 SW-2 SW-3
Composition (ppm) (ppm) (ppm) (ppm)
Na 13,072 2,614 523 131
cat 539 108 22 5
Mg?* 1,583 317 63 16
K* 498 100 20 5
Cr 23,517 4,703 941 235
SO* 3,298 660 132 33
TDS 42,507 8,502 1,701 425

Table 3.3:lonic composition of brine recipes with varying ionic compositions

lonic SW-1 SW-1A SW-1B SW-1C SW-1D
Composition (Ppm) (ppm) (ppm) (ppm) (ppm)
Na* 2,614 2,708 3,084 3,192 2,530
ca* 108 0 108 0 108
Mg?* 317 317 0 0 317
K* 100 100 100 100 100
Crr 4,703 4,717 4,550 4,550 4,127
So? 660 660 660 660 1,320
TDS 8,502 8,502 8,502 8,502 8,502
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3.1.2Crude Qil

Thelight crude oilrepresentative d¥liddle Easterriield was used for the studies willensity

of 0.84 g/ccand viscosityof 4.77 cPat ambient temperature (26). The crude oil was filtered
using a nitrocellul ose 0. 45 em filter me mb
Subsequently, the filtered crude oil was centrifuged at 2000 rpm for 2 hours to remove
impurities, such as asphaltenes and waXeés. fluid properties of the crude olil, including
density and viscosity, were measured using an Anton Paar viscometerclaressurement,

the crude oil sample was inserted into the viscometer, and the instrument was set to the required
temperature. The viscosity and density measurements were then taken at different temperatures
less than 70 °C, then extrapolated to 80 °C,HIMCL. Figure 3.1shows viscosity of crude oil

at different temperature$he viscosity of crude oil decreases with an increase in temperature,
following an exponential decay pattern. This is because as the tempareteasesthe liquid
molecules move more vigorously, reducing the intermolecular forces that contribute to
viscosity. The exponential nature of this decrease is attributed to tHeneanrelationship

between temperature and the energy of the molecules withligthd.
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Figure 3.1: Viscosity of crude oil at different temperatures.

3.1.3Polymer

SAV10, an ATBSbased polymer of molecular weight 4.36.8 MDa provided by SNF

Floerger, was used in all tests. The polymer was received as white granular powders. SAV10
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polymer is stable at high temperatures (up to 93P and high salinityconditions (up to
300,000 ppm) in carbonate reservdilsuenne 2020)

3.1.4Crushed Rock Samples

Indiana limestone outcrop samples were crushed to particle size in the rang2 6f®3 ¢ m f or
static adsorption studie§he rock powder prepation is discussekhterin Section 32.5.1

3.1.5Core Plug Samples

Indiana limestone outcrop sampf@®vided byKocurek Industriesvith permeabilities in the
range of 200 mD were used for dynamic adsorption studifes petrophysical pragsties for
the core plugs used fothis study are discussddter in Chapter 5 (Tables 5.1 and 5.2),
Chapter 6 (Table 6.1), andChapter 7 (Table 7.1).

3.2 Experimental Methods

This sectionoutlines the experimental framework and the methods employed for the research
including fluid preparation and properties measurement, polymérotlynamicsize and
polydispersity index polymer concentration determination, static adsorption studies, and

dynamic retention studies.

3.2.1Fluid Preparation

This sectioroutlines theprotocol for the preparation of fluid usetthis study including brine,

polymer solution, and glycerbrine mixture

3.2.1.1Brine Preparation

The synthetidorine preparation involvedissolvingspecific quantitiesof high-quality salts,

including potassium chloridecalcium chloride dihydrate, magnesium chloride hexahydrate,
andsodium chloridan deionized water. Sodium sulfate was used to provide sulfate ions for
seawater, diluted seawater, and brine recipes with vaigimg compositionsTo ensure

complete dissolution of the salts and to achieve a homogenous solution, the wassiiered
continuously using a magnetic stirr@nce the saltwerefully dissolved, the brinevasfiltered

using0. 45 em nitrocell ul ose membrane to remove

potential contaminantsThese brines were used for polymer solutipreparation, brine
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permeability measurementsr different core plugsas well aspreflush and extended pest

flush brine injections for the adsorption studies.

3.2.1.2Polymer Preparation

Synthetic polymer powders were hygroscopic, and their moisturents were determined to
prepare the required concentrations accurately. For moisture content determination, 10 g of
polymer powder was weighed nearest to 0.1 mg in thregve@ighed, clean, and dried glass
bottles and was heated in an oven at 120 fF@4diours, cooled in a desiccator, aneveaghed

to calculate the weight loss or moisture contents by taking the average of three samples. The
active matter content in the SAV10 polymer was determined to be 89.5%.

The synthetic SAV10 polymer solution was prepared by adding a known amount of
polymer powder to the respective brines using an overhead stirrer. The brine was kept stirring
at a high speed of 550 rpemd the polymer powder was gently added to the shoulder of the
vortex to avoid fiskeye formation due to polymer aggregatidhe mixture was then left for
30 minutes at a high rpm (550 rpm) to prevent agglomeration of the polymer. The speed was
later reduced to 250 rpm and was left for 24 hours to achieeenadeneous solutiohe
mouth of the beaker was covered ugiagafilm

Different concentrations (50@®500 ppm) 0SAV10 polymersolutionswere prepared
by diluting themothersolution withrespectivebrine with a magnetic stirrer at 250 rpm for 2
hours Theamountof mothersolution and brineequiredto achieve thelesiredconcentration

werecalculated usingequations 3.1and3.2, respectively.

CiV1i=CVy, (3.1
where G is the mother solution concentration(ppm), G is the dilutedpolymer solution
concentrationppm), Vi is the volume of thenothersolution required (ml), and Ms the
volume of the diluted solution (ml).

VBrine= V2-V7y, (3-2)

where \&rine is the volume of the brine required (ml); ¥ the final volume of the diluted

solution (ml), and Yis the volume of thenothersolution required (ml).
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Once the polymer solution was prepared,
under 15 psi pressure from a Nitrogen cylinder to achieve a filtration ratio lower than 1.2 and

remove all microgels. The filtration ratwascalculated usingequation 3.3

oY ——, (3.3

where &o, tgo, t1s0, t2oo are the times taken to filter 60, 80, 180, and 200 grams of polymer,
respectively.

To mitigate the risk of polymer oxidation at high temperatures, precautionary measures
were implemented to control the oxygen content in the polymer solution. Setionrea, an
oxygen scavenger, was introduced into the polymer solution at a concentration of 200 ppm.
The solution was subjected to vacuum conditions to eliminate trapped gases before it was
loaded into a vial specially designed for higimperature applations. Lastly, to maintain an
oxygenfree atmosphere, a process offNirging and blankeng was employed. The sample
was purged with nitrogen gas to displace any remaining traces of oxygen. Subsequently, a
blanket of nitrogen gas was carefully maintained around the polymer solution during its loading
into the hightemperature equipment. Bynplementing these measures, the risk of polymer
oxidation was effectively minimized, ensuring the stability and integrity of the polymer
solution throughout the higtemperature experiments.

3.2.1.3Glycerol Brine Mixture

A mixture of glycerol and brine was employed for forced imbibition experiments. The viscosity
of the glycerol brine mixture does not vary with shear (8gur and Oderstat951) The
glycerol brine solution was carefully formulated for various coreflooding experiments to ensure
its viscosity was 25% greater than the respective polymer solution. The glycerol brine mixture
was prepared by mixing the required amount of glycerolkairek in a beaker covered with
paraffin film with a magnetic stirrer at 250 rgor 2 hours This mixture was used to assure
achieving a representative true residual oil saturation during the coreflooding experiments;
hence, subsequent polymer flooding slo@t mobilize the remaining oil, which might affect

the analysis of polymer retention and other injectivity parameters.
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3.2.2Fluid Properties

This section describes the methodology adopted and equipment used to measure the properties

including viscosity and density of the abewentioned fluids.

3.2.2.1Viscosity and Density Determination of Brine Solutions

Fluid properties such agiscosity and density of brine solutionswere measured using
CannonFenske viscometandan Anton Paar density meter, respectively. A Carf@mske
viscometer of size 25 with a viscosity range of 0.5 to 2 ¢St was used to measure the viscosity
of the brines. The brine viscosity was assumed to be in the range of 1 cSt, and the best results
wereobtained by operating near tbenterof the viscometer's range. To measure the viscosity,

the brine sample was inserted into the large bulb of the viscometer, placed in a constant
temperature bath set at the required temperature, and the bediés temperature was
monitored using a digital thermometer. AfBrminutes for temperature equilibration, suction

was applied to bring the brine sample into the bulb from the opposite side. The sample was
allowed to flow freely until it reached the first mark in the tube, and the time requirdeefor t
sample to reach the second mark was recorded using a stop{ifagcine 3.2). The

measurement was repeated three times, and the average time was calculated.

i{' ngiy} |

Figure 3.2: Cannon-Fenske routine viscometefor brine viscosity measurement.
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The kinematic and dynamic viscosities were then calculated &sjngtions 3.4 and

3.5, respectively.

V=Cxt, (3.4)

where V is the kinematic viscosity (cSt), C is the calibration constant of the viscometer (cSt/s),

and t is the flow time (s).

e = Vv I 3 | (3.9

where €€ is the dynamic viscosity (cP), V is
(g/cc) measured at the same temperature.

The viscosity of théorine was measured atarioustemperatures below 7T, then
extrapolated to 80C, and 9C°C.

The Anton Paar density meter was employed to measure the density of brine based on
the oscillating Utube method. Brine was introduced into the meter, ensuring no bubbles were
present. Once inside the measuring chamber, thabé& oscillated at a frequenthat changed
according to the brine's density. The meter was equipped with a temperature control system, as
the density measurements are temperature dependent. The device then used the recorded
oscillation frequency, in conjunction with the known tempaet to calculate the brine's
density, which was displayed on its screen. After each measurement, the chamber was cleaned
to avoid contamination, and the device was regularly calibrated using standards like distilled
water to maintain its accuracyhebrinedensity was assessedd#terenttemperatures below
70 °C then extrapolated to 80 °C, and®@

3.2.2.2Rheological Experiments

Once the polymer solution was prepared and filtered, rheological experiments were conducted
on the polymer solution at different conditions using the Anton Paar MCR 302 rheometer. The
rheometer was set up with the appropriate geometry-4PGand measuringystem. The
prepared polymer solution was carefully loaded ontahleemetemeasuring system. Shear
rampup tests with shear rates varying from 1 to 108@vsre conducted on SAV10 stock
solutions and their dilutions in formation water and seawataméiient conditions (25 °C).

The viscosity of the polymer soluti@t varyingconcentrationsveremeasuredt a shear rate
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of 10 s’. From the polymer concentration versus viscosity plot, the optimum concentration
required to achieve the target viscosity was defiAet@drget viscosity of 4.5 cP at a shear rate
of 10 s! wasselectedbased on the optimum concentration analysis metGodgartyet al.,
1967; AFShalabj2018) At this optimal concentrationotal relative mobility of oil and water
phasesis minimum during the seawater (43,000 ppm) injection cycle for the reservoir
conditions(Elhossaryetal., 2020)

This designed polymer viscosity was necessary to addregsetheeability contrast
between the two zones in the representative Middle East carbonate regbtasaisnelet al.,
2011 and 2019). Subsequently, the selected polymer concentrations were kept constant for
further rheological studies of SAV10 polymer in brines with varying salindied ionic
compositions Temperature rampp tests were also conducted to investigate the temperature
effect on the polymer solutioRressure cell geometry of the Anton Paar MCR 3@&s5used
for high temperature experimen#s.6 bar pressurevas applied to prevent evaporation of the

polymer samples.

3.2.3Hydrodynamic Size andPolydispersity Index Determination

The hydrodynamic size and polydispersity index (PDI) of the polgalation in the respective

brine at varying temperaturesere determined using Malvern Zetssizernano ZS(Figure

3.3, employing the principle of dynamic light scattering techni@RuebenHernanet al,, 2020;
Sugaret al, 2020; Agastyet al, 2021) For hightemperature experimentéget cell area where
cellswereinserted to undertake measurensemas completelyself-enclosedand the sample
temperaturavas controlledipto 90°C. Prior to the experiment, the equipment was calibrated
using particles of known sizes and known polydispersity. The instrument was then set up with
the appropriate settings for the polymer solution. The sample was carefully loaded into the
cuvette or sampleell, ensuring the absence of air bubbles or contaminalass cuvette was

used to withstand the highnteperature.The data acquisition software was started, and the
measurement for hydrodynamic size and PDI was initi@dgdamic Light Scattering (DLS)
wasused to gauge the size distribution of polymers in solution. When particles in a solution
experience Brownian motiorscatter monochromatic laser light wariousdirections This
scattered light undergoes interference patterns, leading to intensity fluctuations over time
because of thg a r t iramdom Greovement. These fluctuations are captured using a
photodetector, producing a correlation function that describes the change in scattered light
intensity with time. The rate of decay in this function provides insight into the diffusion
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coefficient of the particles. The faster this decay, the smaller the particles and the higher their
diffusion coefficient. Once this coefficiewas determined, the Stokdsinstein equation
(Equation 3.6) wasapplied, connecting the diffusion coefficient to the particle's hydrodynamic

size

Yo J— (3.6

where @ is the hydrodynamic size (nm), k is the Boltzmann constant fkg.K), T is the

Temperature (K), d i s anidbisthedifuswrecoefficient(fs osi t vy
The polydispersity index (PDihdicatesthe size distribution of particles in the sample

as well as the uniformity and variation hetparticle sizesThiswas calculated from the width

of the autocorrelation curve. A narrower curve corresponded to a more monodisperse sample,

while a broader curve indicated a polydisperse sample.

Figure 3.3: Malvern Zetasizer usal for hydrodynamic size and polydispersity index

measurement.

3.2.4Polymer Concentration Determination

Three different analytical methods wendized to determine the polymer concentration:-UV
visible spectroscopy, viscosity measurements, and-TRGnalysis. The details of these

methods are discussed in the following subsections.
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3.2.4.1UV Method

For the SAV10 polymer being studied, a wavelength of 206 nm was chosen corresponding to
the polymeis absorption pealobtained by wavelength scanning ensure the highest
sensitivity and specificity in the measurement. To enable accurate determination of polymer
concentration, a calibration curve was developed. This was accomplished using standard
solutions with predetermined polymer concentrations,civhspanned the anticipated
concentration range of the sample under analysis. These standard solutions were measured for
absorbance at the chosen wavelength (206 nm) usitéMh¥is spectrophotometer. Also, the
polymer concentration for the calibrationree was carefully selected so that the absorbance
value falls between 0152.5 for better results. It was critical to use clean, sciEhcuvettes

as even slight imperfections could influence the readings. The resulting absorbance values of
these stadard solutions were plotted against their respective known concentrations, forming
the calibration curveThis is based on thBeerLambert Law that relates the attenuation of
light to the properties of a material throughich the light travelslt is afoundational principle

used in spectrophotometrfor concentration determinations of solutionBhe law is

mathematically expressed usiBguation 3.7 as follows:

0 - @a (3.7

where A is the measured absorbance of the solutias,the molar absorptivity (or molar
extinction coefficient) of the soluterhich is a constantwith units of L/(mg-cm), ¢ is the
concentration of the solute in the solutaordusually expressed mg/L, andl is the path length
through which the light passasd isusually expressed in centimeters.

The calibration curvelottedserved as the reference for determining the concentration
of unknown samples. Depending on the concentration of the unknown polymer solution,
dilution has beeronductedo bring its concentration within the range encompassed by the
standard solutions. The absorbance of the unknown polymer solution was then measured at the
chosen wavelength using the BXis spectrophotometer. The absorbance value of this solution
was subsguently compared to the calibration curve, allowing for the extrapolation of the
polymer concentration in the unknown solution. For improved accuracy in the determination
process, the measurement of the unknown polymer solution was performed multiple times,

leading to the computation of an average concentration.
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3.2.4.2Viscosity Method

Viscosity measurement is a commonly used method to determine the concentration of polymers
in a solution. The principle behind this method was that the viscosity of a solution was directly
influenced by the presence of polymers and their concentratiothelrviscositybased
determination of polymer concentration, the proRheo LS300 rheometer was employed to
measure the viscosity of the polymer soluti@rtalibration curve was typically established to
determine the polymer concentration using viscosityatired the viscosity of standard
solutions with known polymer concentrations. The standard solutions covered a range of
concentrations that encompassed the expected concentration of the unknown sample. Next, the
viscosity of the unknown polymer solution wasasured using the same rheometer. The
obtained viscosity value was then compared to the calibration curve, enabling the determination

of the corresponding polymer concentration.

3.2.4.3Total Organic Carbon-Total Nitrogen (TOC-TN)

The TOGTN method is a prevalent approach for determining the concentration of polymers in
a solution. This method relies on the principle that organic nitrogen content is directly related
to the concentration of polymers. Shimadzu FOC analyzer was uiied to determine the
polymer concentration using the TOMI method.The TOGTN analyzer measures the total
organic nitrogen content in a samgAecordingly,thesamples undergo thermal decomposition

to yield nitrogen monoxide (NO) when heated to 720 hi§ NO gas, after being thermally
regulated and moistwremoved, is channeled through a chemiluminescence detection system.
Here, it interacts with ozone, resulting in a mix of nitrous oxideJN@d excitedhitrous oxide
(NO2*). When the energized nitrous oxide (Breverts to itstundamental state, it releases
detectable radiation, which is quantified using a photodetector. This detected signal produces
a representation indicative of the nitrogen concentration within the safipe measured
nitrogen content is correlated with the polymer concentration.

Based on the above principte series of standard solutions with known polymer
concentrationsvas preparedlhese standard solutions covered a range of concentrations that
included the expected concentration of the unknown sample. Once the calibration curve was
established, the unknown polymer solution was analyzed using theTNO&halyzer. The
measured Nitrgen content was then compared to the calibration curve to determine the

corresponding polymer concentration in the unknown sample.
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In each analytical method employed, appropriate steps were followed to ensure the
accuracy and reliability of the results. This included maintaining the purity of the sample,
carefully preparing it to ensure a complete and representative analysis, adbetimg
operating parameters of the instruments, and utilizing a calibration curve with a high coefficient

of determination (R?2) value of 0.999.

3.2.5Static Adsorption Studies

This section describes the experimental procedure and condipphied for static adsorption

experiments.

3.2.5.1Rock PowderPreparation

Rock powders with particle sizes betweer263 0 ¢ m wer e prepared as ab
the Indiana limestone outcrop. The crushed rock powder was washed with distilled water to
remove fine particles. The washed rock powder was then dried at 120 48 faurs in an

oven and sieved to the desired particle size range.

3.2.5.2BET Surface Area Measurement of the Crushed Core Samples

The BrunauarEmmeti Teller (BET) methodwas used to measure the surface area of the
crushed core sampleAccordingly, the sample was degassed, under a vacuum at elevated
temperatures (13%) to remove any adsorbed substances, such as water, from the surface of
the sample that might interfere with the measurement. Subsequently, the sample was cooled to
liquid nitrogen temperaturesl@6 °C), which enabled the adsorption of the nitrogen gas onto

the surface. The sample was then exposed to nitrogen gae@s0f increasing pressures.

At each pressure point, the system was allowed to equilibrate, and the volume of gas adsorbed
on the sample surface was measured. The pressure was then reduced stepwise, and the volume
of gas desorbed from the sample was snead at each pressure point. Using this adsorption
desorption datandbased on BET equation as representedpyation 3.8 alinear plot BET

plot) of 1/[W(P./P)-1] vs. P/R, was constructedrigure 3.4 represents thgypical multipoint

BET plot TheBET surface area could be determined from the slope and intercept of the linear
portion of this plobased orEquations 3.9and3.10

~

—h (3.9

47



whereW is the weight of gas adsorbed ()R is the relative pressure,, weight of adsorbate

as monolaye(g), and C is the BETonstant

o — 3.9 (

where s is the slop@/g) and i is the interce{fl/g) of the linear plot respectively.

, (3.10

Where Ser is the BET surface arem?g), N is the Avogadro's number (6.023x3Y
(molecules/mol), A is theadsorbate cross sectional ar€a62 *10'° m?moleculesfor
Nitrogen) M is the molecular weigh28.@ g/mol for Nitrogen, and w is thesample weight
(9).

In Figure 34, from the slope, and intercept of the BET plot, and appliggations

3.9and3.10 the bet surfacareafor this case was determined as 3.GZgm

400 -
y =1130.4x + 23.128
R2 = 0.9997
300 4 SBET = 3.02 m2/g
=
Y
(0
@ 200
=
=
100
0 T T T T T T 1
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P/Po

Figure 34: Typical multipoint BET plot .

3.2.5.3Experimental Conditions

Static adsorption measurements were performed under specific conditions; the temperature
variedfrom 25- 90 °C, the liquidto-solid ratio was set at a constant of 6, and a retention time

of 6 hours was chosen. The ligtttsolid ratio and the retention time were selected based on
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previous static adsorption studies on the SAV10 polymer, where larger values did not impact
adsorptionThomaset al., 2020)

3.2.5.4Static Adsorption Measurement in SinglePhaseCondition

A quantity of 5 grams of pulverized rock and 30 grams of a 1000 ppm polymer solution were
mixed in a glass bottl&lass bottles rated for high temperature were used for the experiments.
The rock powdepolymer solutionmixture was briskly stirred using a vortex mixer for a
duration of two minutes to ensure an even initial mixture. These bottles, with their respective
mixtures, were then transferred to a sample shaker outfitted with a water bath to uphold the
target temprature. The oscillation speed of th@mple shaker was set at a steady pace to
promote consistent mixing of the polymer and rock particles. Following a period of 6 hours,
these samples were removed from the shaker, and the liquid fraction was transferred into a
separate centrifuge tubAfterwards, the liquid fractionnderwent a centrifugation process at

an elevated speed of 4,000 rpm for a span of 20 minutes to fully separate the liquid segment
from the rock particles. Further, the liquid fraction of the mixture was tested to identify the
equilibrium polymer concentration that remained within the solution-adsbrption. The

static adsorption on rock surface was determined Wsgugtion 3.11 (API RP 63 1990 .

Y — (3.11)

where Ajis the polymer adsorption in microgram per gramoak (g/g), W, is the weight of
the polymer solution used in gram (g); /the weight otrushed rockised (g), €is the initial
concentration of the polymer solution used in ppm, asid @e equilibrium concentration of

the polymer solution after adsorption in ppm.

3.2.6Dynamic Retention Studies

This section outlines the methods and conditions utilizedyfoamicretention experiments.

3.2.6.1Cleaning and Drying the Cores

The outcrop limestoneamples were cleaned utilizing a Soxhlet distillatottraction unit, to
remove salts from the outcrop samples by vaporizing and condensing the solvent methanol.

The methanol was continuously heated, vaporized, and subsequently condensed at the top,
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flowing through the core samples placed in the extraction tube. This process effectively
eliminatesthe salts present in the cores. Once deemed clean, the samples underwent a drying
process at 90 °C for 48 hours. Rdsfing, thesampledimensionsand weightwvere accurately
measured and documented. Té@s porosity and permeability of these core plugs were
analyzed using a Helium Porosimeter and a Gas Permeameter, respectively. Gas permeability
evaluations were performed by applying a confining pressud®@fpsi without anyack

pressure

3.2.6.2Core Saturation

The core samples were placed in a pressure vessel, and a vacuum was applied for 4 hours to
remove any remaining air within theores pore spaces. Brine was then injected into the
saturator vessel. The saturator was pressurized up to 2000 psi to facilietayoé the fluid

into the pore spaces of the core. The pressure was maintained for 48 hours before taking out
the samples. The pore volume was then determined based on the brine satletionned

by weight difference

3.2.6.3Surface Area Measurement of the Core Samples

Mercury Injection Capillary Pressure (MICP) testere conducted on Indiana limestone
outcrop samples to investigate the pore thstsdistribution and specific surface area. The

core samples had been cleaned meticulously to remove any external debris or impurities. Post
cleaning, the samples were dried in an oven to eradicate any residual water or other liquids
from the pore spaces. Theed core samples were then immersed in mercury, agamtive,
nonwetting fluid, chosen for its inability to wet the rock surfaces. Subsequently, the core
sample was piced in a higipressure cell, sealed tightly to prevent any fluid leakage during

the test. A vacuum pump was used to expel any air or gas present in the pore spaces of the rock,
thus ensuring that only the mercury filled the void spaces. The pressueehiglpressure

cell gradually increased to inject the mercury into the core sample. Initially, the mercury
entered the larger pores and subsequently filled the narrower pore throats as the pressure
increased. The pressure at which mercury invaded thewest throats was defined as the
ficapillary pressui@ Throughout the injection process, the mercury pressure was monitored
and recorded, and used to construct the capillary pressure curve. This curve represented the
relationship between the pore throat size and the corresponding capillary pressure t@quired
inject mercury into those poreSromthe pressurelatathe amount of mercury entering the
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sample as pressure rises can be determined, and tht@neatsize distribution can be inferred
using Washburn's equati¢gBquation 3.12). Thespecificsurface area can be calculafemm
Equation 3.13

(Y ~

Yo —h (3.12)

wherepP i s the i nddyresm@pnt alks phessur & a@mestmpnsi on
d i sontactamgle between theckand mercury14Q), rporeis the porghroatradius(m).

0 Qo 313 (

whereSwicr is the surface area imf), Ws s the dry weight of the samp(g), 2 is the surface
tension of mercurgdynes/m)P is the capillary pressufdynes/m), and dV is théncremental

volume(md).

3.2.6.4Determination of IPV and Accessible Surface Area

The inaccessible pore volume was calculated from the pore throat distribution data gathered
through MICPR This pore throat size distribution was compagaghinst thepolymeits
hydrodynamic size measured using Dynamic Light Scattering (DLS) techttigues. inferred

that pores bearing throat diameters smaller than the hydrodynamic size of the polymer would
be inaccessible to the polymé&io determine the total volume of these inaccessible pores, the
volumes of all pore throats that have a diameter sméaléar the hydrodynamic size of the
polymer were summed up This combinedvolume represents the total pore spéta the
polymercannotaccessThe accessible surfageea for the polymer is obtained by deducing

the area opore space that is inaccessible to the polymer from the total surfacebsasesed

from MICP by applyingEquation 3.13

3.2.6.5Experimental Conditions

Dynamic adsorption measuremenisre conducted avarious temperatures including 25, 40,

60, 8Q and 90°C, and a retention time of 6 hours. The retention time was selected based on
previous static adsorption studies on the SAV10 polymer, where larger values did not impact
adsorptionThomaset al., 2020)
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3.2.6.6Coreflooding Experiments to Determine Core Absolute Permeability

The core sample, fully saturated with brine, was mounted in the coreflooding appaigutes (

3.5). The rig was set to the respective experimental temperaweanfining pressure of 1200

psi, and a backpressure of 100 p€ince the temperature was stabilizékde absolute
permeability of the brine was determined by injecting the brine at varying rites and
recording the stabilized differential pressure at each respective rate. Subsequently, the

permeability of the brine was calculated usitguation 3.14.

e (3.14)

where K is the absolute brine permeability (D), Q is the injection flow rat¥gen), L isthe
length of the core sample (cm), A is the cresstional area of the core samplefcm ¢ s t h

brine viscosity (cP), and @P is pressure dro

Core Holder

]

Inj. Inj. Inj.

Pump Pump Pump e L
2

Figure 3.5: Schematic of the coreflooding equipment used for polymer adsorption experiments

3.2.6.7Drainage and Forced Imbibition

Drainage wasonductedt the respective experimental temperataigchieve the initial water
saturation(Swi) in the core, where oil was injected at different flow rates. Following this, the

core was aged for a period of 14 days aP@0The aging process was vital afteringthe
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wettability of the core, ensuring that its surface properties were returneaieveetting state
that is representative of natural conditions.

Further, forced imbibition was conducted using two distinct protocols to reach residual
oil saturation (&). Initially, protocol 1 was used, where brine was injected at various fites
to attain &. However, this approach led to complications during the polymer injection stage,
as oil was produced, resulting in changeSd¢candsubsequently impacting the interpretation
of various findingsTo mitigate this issue, protocol 2 was introduced for subsequent studies.
Under this protocol, a mixture of glycerin and brine was injectddfatentflow rates to reach
Sor. After achieving the desired saturation, the glycérine mixture was completely flushed
out using 100% bringhus avoiding the oil mobilization problem during the polymer injection

phase experienced with the first protocol.

3.2.6.8Dynamic Retention Experiments in SinglePhase and TwePhaseConditions

Fully saturated core samples and core sampl&,avere utilized for polymer adsorption
studies in the absence (singlease) and presence of oil (hpbase) respectively.The
coreflooding system was set to the desired temperature, abodrteevas injected at a constant
flow rate of 0.5 cc/min until the pressure was stabilized. Immediately after brine injection, a
slug of the polymer solution of 1000 ppm was injected at a constant flow rate of 0.5 cc/min.
The pore volumegto be injected was determinbdsedn Equation 3.15 (Afolabi et al, 2021)
consideringa maximum retention time of 6 hours, beyond which polymer adsorption does not

depend on the retention time.

06 ——, (3.15)

where P\ is thetotal pore volume to be injected, Qtinee injection flow rate, andax is the
maximum retention time.

An extended podflush brine injection at the same flow rate of 0.5 cc/min was
conducted to remove all the mobile polymers within the cidneflow rate0.5 cc/minwhich
is relatively higher than reservoir flow rate, was considdogdbrine-pre flush, polymer
injection, and bringoost flush,since the primary focus of the study was on determining
polymer adsorption and accordingly, this saves the time needed to achieve adsorption
equilibrium in the conducted experiments. Moreover, polymer adsorptiorfouad to be

minimally dependent on the flow rate (Chetnal, 2016).The effluent polymer solution was
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analyzed for the polymer concentration and the normalized polymer concentraiGr) (C
versus pore volume was plotted, and the polyadsorption was calculated by applying

material balanceHguation 3.16).

0 . (3.16)

where A is polymer adsorption (pg/g of rock); &d \ are initial concentration (mg/L) and
volume (mL), respectively. £&and e are the concentration (mg/L) and volume (mL) in each
effluent collecting tuberespectivelyand W is the dry weight of the core sample {@)e
dynamic polymer retention was also repofbededon thespecificsurfacearea of the coras

represented ikquation 3.17.

5 —, (3.17)

whereAq is the polymer adsorption ifug/m?), Aq is polymer adsorption (ug/g of rockgnd
SSA is the pecific surface area of core samlan?/g.

3.2.6.9Resistance Factor and ResidudResistancd-actor

The Resistance factor (RF) is a dimensionless parameter that describes the increase in pressure
drop caused by the increased viscosity of polymer solution achieved by adding polymer to the
brine. The residual resistance factor (RRF) measures the resiidlove by brinein porous

media (permeability loss) after polymer flooding. Both RF and RRFe calculated using

Equations 3.18 and3.19, respectively:

28 L , (3.18)
Yy
y
228&3 , 3.19) (

Wh er ginep@dlh  pBferinjecton, bR hostiush are the pressure drop data (psi) recorded
during brine prdlush, polymer injection, and brine peftiish, respectively.
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3.2.6.10In-situ Viscosity

In-situ polymer viscosity is the viscosity of the polymer solution within the reservoir during

the polymer flooding process and can be calculated Esjogtion 3.20 (Hanet al, 2012)

: — A, (3.20)

whereRF is the resistance factor, RRF is the residual resistance fagd@nsithe polymer in

situ viscosity (cP)and w is the brine viscosity (cP).

3.2.6.11Polymer Adsorbed Layer Thickness

Polymer adsorbed layer thickness refers to the thickness of the layer of polymer molecules that
adheres to the rock surface (pores) in the reservoir during the polymer flooding process. It was
determined by calculating the reduction in permeability unkerassumption of Poiseuille

fluid flow through a capillary constricted by a uniform layer of polyiihtan et al, 2012)by
applyingEquations 3.21and3.22

Qi p — (321)

i , (322

whereQis the adsorbed polymer layer thickness (umis the average potéroatradius for

water flow (um)K is the brine permeability (ufjy and @ is the porosity (fraction).

3.2.6.1Polymer Injectivity Loss

The polymer retention in porous spaces causes increased resistance to fluid flow. This results
in reduced injectivity, which hinders the efficient injection of fluids and can limit the
effectiveness of the polymer flooding proceSguation 3.23 can be used to calculate the

injectivity loss (r) during polymer injection based on brine inject{btanet al, 2012)

0 p -, (3.23)
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wherelp represents polymer injectivity amglrepresents brine injectivitynjectivity (1) is the
pressure gradient required to achieve a given injection flow rate. It can be described as the ratio
of injection flow rate (superficial velocity, ft/d) to pressure gradient (psi/ft) as expressed in
Equation 3.24.

‘0 . (3.24)

3.3Uncertainty in Measurements

This sectiondetails different approaches considered to determine the uncertainties in the

experimental results obtained.

3.3.1Uncertainty in Experimental Values

For all experimental procedures, each measurement was contlhuetetimesto accurately
assurethe uncertainty associated with the results by measuring the standard deviation using
Equations 3.25 and3.26. The calculated standard deviation was represented as the length of

the error bars.

0 QohE —m—, (3.25)

YO & & QBN UG O "Ré—E , 3.26)

wherew, @, andw are the valuesbtainedirom the three experimental runs.

3.3.2Uncertainty in Dynamic Retention Values

Dynamic polymer retention measurements using coreflooding experiments involved several
sources of uncertainty that could affect the accuracy and reliability of the results. Some key
uncertainties included measuring various parameters such as colleatedtefthlume and
polymer concentration measurements. These errors could arise from instrument calibration
issues, fluctuations in experimental conditions, or human error during data collection. Three
readings were taken to obtain uncertainties in volumiea@n and polymer concentration

measurements, aijuation 3.27 was applied to calculate the corresponding uncertainty. This
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process involved measuring the relevant parameters multiple times and using the equation to

guantify the level of uncertainty associated with each measurement.

Yo —, (3.27)

whereax is the uncertainty associated with the measured parameter, Stdev is the standard
deviation,andn is the total number of repeated measurements of the individual parameter.

The Propagation of Error Theory provided a framework for quantifying the uncertainty
or error in a calculated result that arose from uncertainties in the measured or input quantities.
It enabled us to estimate the combined effect of these uncertaintidge aesul. Two
fundamental rules were used in the Theory of Propagation of Errdheeaddition rule and
the quotient rul¢John, 1982)The addition ruleEquation 3.28) states that if z is calculated
by adding or subtractingixxe, .., Xn, theuncertainty associated withwas then simply the

square root of the sum of squares ofuheertaintie®f x1, X2, ..., Xn, 1 1, € 22XTX.

yU Y@ Y@ E Y@ h (3.28)

whereaz is theuncertaintyassociated with the measured parametendaxi, 2geXx &Xx,
are theuncertaintiegssociated with, xo, ..., Xn, respectively.

On the other hand, the quotient rulsg(ation 3.29) states that if z is calculated by
multiplying or dividing several quantitieg,xc, .., Xxnt hat havie 2exaexthen ax
the quotient rule was used to calculate the error in z. The quotient rule states that the fractional

uncertainties add in quadrature.

N7 1] S‘/ y

y
ya G z =

E (3.29)

By applying these rules, we were able to assess and quantify the impact of uncertainties in
dynamic polymer retention values as welpagvide a more comprehensive understanding of

the overall uncertainty associated with the measurement or calculation process.
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3.4 Developing Correlation to Predict Dynamic Retention from Various
Parameters

This section delves into the methodology adoptepréalictdynamic retentiorirom various

factors influencing it.

3.4.1Parameters Influencing Dynamic Retention

Dynamic polymer retention occudue to combination ofmechanisms includingolymer
adsorption, mechanical entrapment, and hydrodynamic retention, ranked in order of their
significance. Among these, adsorption stands out as thesigagtcant while hydrodynamic
retention, influenced mainly by flow rates, is the leagjnificant The reversibility of
hydrodynamic retention renders it often negligible.

The two primary contributors to dynamic retention are polymer adsorption and
mechanical entrapment. The former is significantly influenced by factors such as polymer type,
its hydrodynamic sizesalinity and ionic compositions of the maltp water, temperatureock
mineralogy, and the available surfacaccessfor polymer interaction. Thisadsorption
mechanism can typically lmapturedhrough static adsorption experiments. On the other hand,
mechanical entrapment is predominantly determined by thepta@s pore structure and how
the polymer solution behaveghile flowing through theporous mediaThe flow behavior of
the polymer solution within the porous media caratfectedby differentvariablesincluding
salinity andionic composition, temperature, and the presence of oil.

Given these considerations, the parameters choseaorddictingdynamic retention
include static adsorptioayerageorethroatsize salinity, hardness, temperature, and residual
oil saturation (&), as they encapsulate tbegferentaspects affecting thgolymes retention

behavior in a dynamicondition

3.4.2Experimental Conditions Considered for Developing the Correlation

To capture the adsorptigphenomenaepresentativelythe static adsorption and dynamic
retentionstudieswere conducted under the same experimental conditiociading salinity,
ionic compositionstemperatureretention timesolidto-liquid ratio, and surface accesbhe
surface accessaskept same by considering tineight of the corespecific surface area of
both the crushed core and the core sajmgte accordingly determining the weigbit the
crushed rock sampl@l-Hajri et al, 2020)as perEquations 3.30, 3.31, and3.32. IPV and &

were alsaconsidered in determining surface access.
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where SA is thewgface accesim m?, Suice is thesurface area of core samletained from
MICP in m?/g, IPV is the inaccessible pore volumg; iS the residual oil saturation, and W is

the dry weight of cordn g.
0w —, (332

where Wis the weight of therashed corén g, SA is the arface access m?, andSger is the

crushed core surface arigam?/g.

3.4.3Approach Used toDevelopthe Correlation

Machine learningpproach wasxploral to determine a correlatidretween dynamic retention
value based on differeniefinedinput parameters including static adsorpti@veragepore
throatsize,salinity, hardness, temperature, and residual oil saturatign $pecifically, tree
based models weapplied andmplemented using aariety of Python tools. The details of the
procedures and tasks follodiareelaborated further in the sections below. In addition to these
methods, symbolic regression usifgringBotsoftwarewasemployed to derive a specific and
clear mathematical formula to better predict the dynamic retention valu@arameters
considered are representatoféVliddle Eastreservoir conditiong-igure 3.6 demonstrates the

workflow applied forthe study.

Figure 3.6: Workflow for developing correlation between dynamic retention and dependent

parameters
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3.4.4Applying Machine Learning to Estimate Dynamic Retention

Different treebasedMachine learning (ML) algorithms including decision tree, extra trees,
random forest, adaptive boosting, gradient boosting, and extreme gradient beastng
appliedto predictdynamic retention valueased omnput parametersT hesaegression models
were performed usinBythononline libraries

In this study, 36 representativeexperimental datdor Middle Easern reservoir
conditionswere considered The dataset will behoroughly discussedater in Chapter 8.
Figure 3.7 demonstratethe workflow of ML algorithmsconsideredo achieve the objective
Data processing stage involves preparing the dataset for training the oelelodelwas
trainedon 80% ofthe samples and tested on the remaining 20%@ddition, Kfold cross

validation technique was usedtims researclwherea value of k = 5 was chosen.

Figure 3.7: Schematic representation of the machine learning/orkflow .

Moreover, various hyperparameters wareedto enhance the accuracy of machine
learning models in forecasting dynamic retentiddditionally, the estimated valuesere
compared againsthe actual dynamic retention values usidifferent evaluation metrics
includingR?, RMSE, and MAE.

3.4.4.1Random Forest Algorithm

Random Forest algorithm combines multiple decision trees to produce a more generalized and
robust model. Aandomforest is a collection diensemble of decision trees that are trained
using different subsets of the training data and different subsets of features. When making
predictions, theandomforestaggregates the predictions of each individual tree to output a
result. Randonhorest employs a technique called bootstrapping to create multiple datasets from
the original training data. It randomly samples the original dataset with replacement to produce

subsets of data. Each of these subsets is used to train an individual deeesi®@ue to the
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random sampling, each decision tree will have a slightly different perspective on the data. In
randomforest at each split, only a random subset of features is considered for splitting. This
introduces further diversity among the trees and reduces the chances of overfitting.

For regression tasks, tmandom foresaverages the predictions of all the individual
trees to produce the final prediction. Since each tree is trained on a bootstrap sample of the
data, some observations may be left out during the training of a particular tree. Thest left
observations arealledfioutof-bag O ©l&eérvations. The OOB error is calculated by taking
each observation, predicting its output using only the treedithabt have this observation in
their bootstrap sample, and then averggthese errors. It provides an estimate of the
generalization error without the need for a separate validation set. Combining multiple trees
reduces the variance and generally produces a more robust and accurate modelfétastfom
can handle missing values and still provide accurate predictions. It offers a measure of feature
importance, which can be beneficial in understanding the dataset and refining the model. Due
to the diversity introduced by bootstrapping and feature randesyma@domforess areless
prone to overfitting compared to individual decision tfégure 3.8 represents thow chart
for RF model.

Final
prediction

Figure 3.8: Flow chart illustrating RF algorithm (Han et al., 2020)
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3.4.4.2Extra Trees Algorithm

Extra Trees is like theandomforestalgorithm, but with two main differences in the way the
decision trees are constructed. When determining the best split for a feature, instead of
searching for the most discriminative thresholds (like what is done in regular decision tree or
therandomfores), thresholds are drawn randomly for each candidate feature, and the best of
these randomly generated thresholds is used as the splitting rule. This strategy reduces the
variance of the model, at the cost of increasing its bias. Urdikdomforest which uses
bootstrapping to create multiple dataseidra treesusethe whole original dataset to grow

each tree. However, due to the randomness introduced in the splitting process, each tree is still
diverse from the others. For each tree being built, at every node, a subset of features is randomly
selected (just like imandomfores). Neverthelessinstead of computing the best split among

all possible values, a random value is chosen as the split threshold for each feature. The feature
and threshold thagive the best split (typically measured using variance reduction in case of
regression) are then chosen to split the node. For a new input sample, predictions from all the
individual trees in the ensemble are averaged to produce the final regressidanSinte the

splits are chosen randomly, theseno need foextensivethreshold searchingenderingthe
extratrees algorithm often faster to train tiramdomforest The added randomness can act as

a regularizing agent, and the model is less likelp\erfit the training data. Just likendom

forest extra trees can be used to compute feature importance, which can be beneficial for

understanding the data and the impact of each feature on the prediction.

3.4.4.3AdaBoost Algorithm

Adaptive Boosting is one of the first and most popular ensemble boosting algorithms. Boosting
is a general ensemble method that aims to convert a set of weak learners into a single strong
learner. The basic idea is to give more weight to misclassifieahioss$, so subsequent learners
focus on the hardédp-classify examples. Start with a training dataset of n instances, each with
an equal weight of 1/n. A weak learner (typically a decision tree with just one level, also known
as afdecision stumg) is traned on the data. The algorithm iteratively trains weak learners, it
highlights those instances which were misclassified in previous rounds by increasing their
weights. The final prediction is a weighted combination of the predictions of all weak learners,
where the weights are the weights assigned to the learners based on their déigunac$.9

depicts the flow diagram of theelaboostmodel
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Figure 3.9: Flow chart illustrating AdaBoostmodel (Min and Luo, 2016)

Themathematics of the AdaBoost algoritlgras follows:
1 Weightlnitialization

Each trainingnstance xinitially is assigned a weightiwwherei = 1 , ., rRand néis the
number of instances. Typically, every instance is assigned an equal asiglepicted in
Equation 3.33.

o -. (3.33

1 For each boosting iteration

a. Training aweaklearner

A weak learner (usually a decision stump, which is a decision tree with just one split) is trained

using the weighted dataset. The goal of the weak learner is to minimize the weighted error

i By 0 TB 0, (3.34)
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wheregj j is the weighted error of the modej(X) is the prediction of thg" weak learner for

thei instance, yis the true label of thd'instance.

b. Compute theveaklearnemeight It was compute based on tBquation 3.35.
S gy (3.35)

where is the weight of th¢" weaklearner

c. Update the Instance Weights:

The weight of each instance is updabgdapplyingequation 3.36.

0 o Q (3.36)
1 Final model

The AdaBoost algorithm is comprehensively describeBdpyation 3.37.

Ow | QO® | Qw , (3.37)

where F(x) is the final prediction of the modeldw is the total number of learners

3.4.4.4Gradient Boosting Algorithm

Gradient Boosting is an advanced ensenmbéehinelearningalgorithm that builds on the
principles of boosting, aiming to optimize a differentiable loss function. At its core, Gradient
Boosting incrementally constructs an ensemble of weak learners, typically decision trees, to
create a more powerful prediction de. Unlike AdaBoost, which adjusts instance weights,
Gradient Boosting emphasizes the errors or residuals of the previous learners. In its iterative
process, each new tree is trained to correcethms made by the combined ensemble of all
preceding trees. Essentially,is as if the algorithm is navigating a landscape, adjusting its
course by descending the gradient of the error surface, refining its predsytsbesatically

One of itsnotable strengths is its capacity to handle various types ofmlatzerical,
categorical, or a mix of bothand it can be employed for both regression and classification
tasks. A salient feature of Gradient Boosting is its ability to optimize different loss functions,
renderingt adaptable to various problem types. However, care must be taken in its application.

Gradient Boosting requires careful tuning of parameters like tree depth, learning rate, and the
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number of trees to prevent overfitting. Additionally, it can be computationally more demanding
than other algorithms. Yet, its efficacy, particularly in predictive accuracy, has rendered it a
preferred choice in numerous machine learning competitions ealavorld applications,
ranging from web search ranking to ecology. In summary, Gradient Boosting is a powerful
ensemble technique that refines its predictions iteratively, focusing on the discrepancies of its
preceding models, and stands as one of trepauint tools in the predictive modeling toolbox.
Figure 3.10 displays the workflow diagram for thgradient boostingnodel The gradient

boosting algorithm is represented mathematicallfQyation 3.38.

o B 0zQ o (3.38)

where @) is the finalensemble predictigriM is thetotal number of boosting iterations
is the weight, h represents each model indexed with m, X represents the featuressahd
learning ratewhich isa hyperparameter that scales the contribution of each tree

The models updated at each iteratiby adding theveighted weak learner's outgot

theprevious modelgiven byEquation 3.39.

o® O O 0z o (3.39)

Mean squared error is applierdetermine the loss function at each tree, by applquation
340.

Qii -0 5 O P (3.40)

Error

Iterations

Figure 3.10: Flow chart illustrating gradient boostingmodel (Baturynska and Martinsen, 2021)
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3.4.4.5XGBoost Algorithm

Extreme Gradient Boosting{GBoos}) is an optimized and scalable machine learning system
that builds upon the foundation of gradient boosting frameworks. XGBoost is meticulously
engineered to maximize computational speed and model performance. Central to its design is
the principle of gradint boosting, wherein the algorithm constructs a series of decision trees
sequentially, with each tree aiming to rectify the errors or residuals of its predecessors. What
sets XGBoost apart from traditional gradient boasts a slew of enhancements and features.
Notably, XGBoost implements regularization terms in its objective function, adding both L1
(Lasso regression) and L2 (Ridge regression) regularization. This incorporation inherently
reduces model complexity andida in preventing overfitting, leading to enhanced
generalization on unseen data. XGBoost is also designed with computational efficiency in
mind; it possesses parallel tree boosting, which allows for faster tree construction by leveraging
all CPU cores. Aditionally, the system handles missing data natively, using spamsdye
algorithms, negating the need for elaborate preprocessing steps. XGBoost is not limited to just
regression or classificatioh.is versatile, supporting ranking tasks and tdefined prediction

tasks.

Furthermore, its crogglatform design, coupled with support for numerous
programming languagesendersit an accessible and universally adoptable tool. Extensive
documentation and community support amplify its usability. Given its robustness, accuracy,
and speed, XGBoost has become a darling of the data science community, frequently being the
algorithm of toice in machine learning competitions and a myriad of industry applications. In
essence, XGBoost elevates the gradient boosting paradigm, combinipgitatonal rigor
with advanced regularization to produce stat¢he-art predictive modelsFigure 3.11
showcases the schematic for thk&Boostmodel.The r egul ari zati on ter m
penalizes the complexity of the tree (this is what differentiates it from regular gradient
boosting).The model iggiven byEquation 3.41.

N Y-_AE, (3.41)

where ("QQ) is the regularization term_ is the regularization parameter that is used for

reducing insensitivity of the prediction to individual observations,the number of leaves in

the tregew is the weight of each ledfindicates penalty function that is used for pruniiger
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adding the complexity function to the model, the general equation of XGBoost model is

representetdy Equation 3.42.

"0 B Q| Qo 08 (342)

It should be noted that the above equation represents XGBoost using L1 regularization.
XGBoost also uses L2 regularization, which was already discussed along with L1

regularization in the previous subsection.
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Figure 3.11: Flow chart illustrating XGBoost model (Mathew et al, 2021)

3.4.4.6Hyperparameters

Hyperparameters can lwensideredas thefiknob or i d i #hat &ré tuned to optimize the
performance of machine learning algorithms. Unlike model parameters, which are learned
directly from the data during training, hyperparameters are external configurations preset by
practitioners before model training begifikey govern various aspects of the learning process,

such as the learning rate in gradibased optimization, the depth of a decision tree, or the
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number of hidden layers in a neural network. The correct setting of hyperparameters can
profoundly influence model performaneenderingthe difference between a mediocre model
and a highly performative one. However, identifying the optimal hyperparameters often
demands systematic searching or experimentation, as the ideal configuration is typically
problem specificTechniques like grid search, random search, and more sophisticated methods
such as Bayesian optimization are employed to naviggperparamter space. Given the
significant impact of hyperparameters on model efficacy and the computational resources that
can be consumed in their tuning, they remain a pivotal aspect of the machine learning
workflow, necessitating carefulonsiderationand handling by data scientists and machine
learning practitionerdifferent hyperparameters uséor the treebased models afinimum
Samples to SpliMinimum Samples per Leglaximum DepthMaximum FeaturesNumber

of EstimatorsRandom Statd_earning Rat€Kernetal., 2019; Probsetal., 2019; Zhuet al,

2022; Mansoorietal., 2023) These hyperparameters discussedbelowin detail

In the realm of decision trdeased algorithms, th@Minimum Samples to Spfitis a
critical hyperparameter that governs the growth of the tree. Essentially, it designates the
smallest number of data samples that a node must contain for a split to be even considered at
that node. For instance, if this hyperparameter is set todathy node containing fewer than
10 samples will not be split further and will consequently become a terminal or leaf node. The
primary intention behind setting a threshold fois hyperparameter is twofold: to prevent
overfitting and to control tree depth. If a tree is allowed to split on very few samples, it might
capture noise or outliers in the data, leading to an-ceemplex model that performs well on
training data but parly on unseen data. By setting a higher threshold, we can ensure that the
tree generalizes better to new data by avoiding extraneous splits based on inconsequential
patterns. However, setting it too high can hinderttees ability to capture genuine patterns,
resulting in an overly simplistic and underfitting model. As with other hyperparameters, the
ideal value fofiMinimum Samples to Spbtdoesnothave a oneizefits-all answer; it depends
on the specific problem and the nature of the data. Therefore, it often requires experimentation
or hyperparameter tuning to strike a balance between a treis that shallow (underfitting)
and one thaits too deep (overfitting).

ThefiMinimum Samplep e r s araeksential hyperparameter specific to decision
treebased algorithms, including their ensemble counterpartsditeblom forestand Gradient
Boosting Trees. As its name suggests, this hyperparameter determines the smallest number of
samples that a leaf node can have in the decision tree. In essence, it sets a floor on the size of
the terminal nodes, ensuring that no leaf nodeentribe represents fewer than the stipulated
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number of samples. This plays a pivotal role inrtiaets ability to generalize. By setting a
higheriMinimum Samplep e r  Loreac&noprevent the tree from growing too deep and
making decisions based on potentially noisy or outlier data, thereby curbing overfitting.
Conversely, if set too low, the tree might capture minute idiosyncrasies in the training data,
leading to a modehttis overly tailored to the training set and possibly performing poorly on
new, unseen data. In addition to its regulammateffect, a practical benefit of this
hyperparameter is that it can lead to faster training times, as having a higher threshold can result
in fewer splits and therefore, a more concise tree. Finding the optimal val@difomum
Samplep e r Isa haladcing actt is often discovered through a combination of domain
knowledge, understanding the nature of the dataset, and systematic hyperparameter tuning.
Ultimately, this hyperparameter serves as a valuable tool in the arsenal of a data scientist or
machinelearning practitioner to ensure that theevelopeddecision tree models are both
accurate and generalizable.

TheA Ma x i mu mhyPegppranteter, inherent to decision #besed algorithms and
their ensemble derivatives, signifies the maximum number of levels a decision tree can grow.
This is considered as constraint on theeds height,where each level represents a possible
decision boundary based on a feature. By setting this hyperparameter, practitioners can control
the complexity and size of the tree. A deeper tree, ree with more levels) can capture
intricate relationships in the data, allowing for detailed partitioning of the feature space.
However, this granularity comes at a cost. If the tree is allowed to grow without restraint, it
might end up fitting not justhe underlying patterns but also the noise or anomalies in the
training data, leading to overfitting. An overfit model might boast impressive accuracy on the
training data but falter when exposed to unseen data. On the other handj iMtaex i mu m
D e p tishset too shallow, the tree might not be sophisticated enough to capture essential
patterns, resulting in underfitting. An underfit model tends to show mediocre performance
across both training and test datasets. Consequentlii, tha x i mu m hyperparanheter
acts as a regularization knob, balancing the-b&®nce tadeoff. The optimal value for this
hyperparameter is often dataseecific and is best identified through empirical means such as
crossvalidation. In the broader context of model interpretability, a tree with a limited depth
also offers the advantagé lmeing more comprehensible, making decismaking processes
clearer to stakeholders. In summdiyMa x i mu mpldysaocentrabrole in the architecture
and performance of decision trbased models, and its judicious selection is crucial for

achievingmodels that are both performative and interpretable.
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A Maxi mum iBapaotal hymeparameter commonly associated withiased
algorithms, especially in ensemble methods lisedom forestsit defines the number of
features to consider when looking for the best split at each node of a tree. By adjusting this
hyperparameter, one can influence both the diversity of the trees in an ensemble and the overall
algorithmés computational efficiency. When tieMa x i mu m Fatua it kess thandhe
total number of features available, the algorithm randaalyples the specified number of
features at each split, introducing variability into the-tvagding process. This random feature
sampling acts as a form of inbuilt feature selection and serves a dual purpose: it reduces the
risk of overfitting by ensung that trees do not overly rely on a few dominant features, and it
boosts model diversity within ensemble methods, leading to a more robust aggregate
prediction. Furthermore, by considering fewer features for each split, the computational burden
during tree construction is reduced, often speeding up training times. However, setting this
hyperparameter too low might exclude relevant features from consideration, potentially
weakening thenodebs performance. Conversely, if set too high, the model might become more
susceptible to overfitting, especially if there are features that are strongly predictive of the
target variable. Identifying the optimal value forMa x i mu m B eaerd an aretlsa an
exact science, typically requiring iterative experimentatend validation. In essence,
AMaxi mum &ctsastauunirgdever, balancing model accuracy, diversity, and training
efficiency, and its judicious setting is vital for harnessing the full potential ofbased
algorithms.

Theit Numb er o f hyResparanmetertisgromiently associated with ensemble
methods such asndom forestsGradient Boosting Machines, and other bagging or boosting
techniques. At its core, this hyperparameter denotes the number of individual models (often
decision trees) in the ensemble. Each of these models, ternie@ ant i ooattibotes dts
own prediction, and the ensemble aggregates these predictions to produce a final output. In
bagging techniques, likendom foreststhe ensemble seeks to reduce variance by averaging
the results of multiple, independently grown trees. In boosting methods, trees are grown
sequentially to correct the errors of the preceding ones, and their predictions are combined,
often in a weightedhanner, to enhance accuracy. thslu mb e r o f hypesparammi@rt or s 0
directly affectsthe ensemblés performance and computational considerations. As one might
intuit, increasing the number of estimators generally enhancesddets robustness and
redwes overfitting, given that it aggregates predictions across a more diverse set of models.
However,there isa point of diminishing returns: after a certain threshold, adding more trees

may offer minuscule, if any, improvement in performance, while significantly increasing
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training time and memory usage. Conversely, a very low number of estimators might not
capture thelatas complexity adequately, resulting in an underfit motteés also worth noting

that while more trees might decrease variance in bagging methods, in boosting, one needs to
be wary of adding too many trees as it might lead to overfitting. Finding the optifdal mb e r
of E s t iismaanuamaged task, usually accomplished through a combination of cross
validation and domain expertise. In summation,ild u enb o f E $yperparareter s o
is pivotal in ensemble algorithms, balancing predictive power, computational efficiency, and
the risk of overfitting or underfitting. Proper tuning of this parameter is essential to realize the
full potential of ensemblpased machine leamg methods.

The i Ra n d o m paameter, €e@mmonly encountered in many machine learning
algorithms and functions, is crucial for ensuring reproducibility of results. At its heart, many
machinelearning processes, from data splitting to model initialization, involve random
procedures. This randomness can lead to variations in model performance and outcomes across
different runs, even when using the same dataset and algorithm settings. To address this
chdlenge, thei R a n d o mpar@retet ieirdiroduced. When a spedifteger value is set for
A Rando mit &tsag aeseed for the random number generator, ensuring that the same
sequence of random numbers is produced every time. Consequently, any process or function
relying on this generator will consistently produce the same results across multiple esecutio
given the same seed valu#owever,it is crucial to understand that while settingd&® a n d o m
St aguaamtees reproducibility, it doestimply that the chosen configuration is the optimal
or most representge one. Sometimes, experimenting without a fixed random state can offer
insights into the variability and stability of the model or process. In essencé,Rh@ n d o m
St apamrdeter is a tool that offers control over randomness in machine learning, enabling
researchers and practitioners to strike a balance between reproducibility and exploration.

ThefiLear ni nsga foRralatienal hyperparameter in the domain of machine
learning and deep learningspecially pertinent to optimization algorithms that iteratively
adjust model parameters, such as gradient descent. Often symbolized by the Greek letter eta
(d), the |l earning rate dictates the step si z
or loss function. In simpler terms, when updating model parameters in response to the
calculated gradient, the learning rate determines the magnitude of this update. A large learning
rate might result in sizable steps, potentially speeding up the convegeress, but it runs
the risk of overshooting the optimal point and causing oscillations. On the other hand, a small
learning rate ensures more precise, incremental adjustments, but it may slow down

convergence significantly and possibly get trapped wrallaninima. The choice of an
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appropriate learning rate is pivotal for efficient training. Too higdrningrate and the
algorithm might never converge; too leateand it might take impractically long or get stuck.
Moreover, the ideal learning rate can vary depending on the specific dataset, model
architecture, and optimization problem. Given its profound influence on model training
dynamics, numerous strategies édeen proposed to fistane it. Some techniques involve
setting a decay for the learning rate, where it starts highesrdases over time, ensuring rapid

initial progress but finduning as training proceeds.

3.4.5Symbolic Regressiorio Develop Dynamic RetentionCorrelation

Symbolic regression is a method used to find mathematical relationships between variables.
Unlike traditional models that start with a specific formula, symbolic regression explores
various mathematical equations to best fit the data. It uses matherfgtot@inslike addition,
multiplication, and sometimes even more advanced functions like trigonometry or logarithms.
The goal is tadevelopan equation that accurately represents the data, but it should also be
straightforward. Simple models are easianriderstand and can prevent overfitting, where the
equation fits the current data too precisely but might not work well with new data. One unique
thing about symbolic regression is that it gives a clear formula, while some other methods are
more like "blackboxes" and harder to interpret. There are tools TikengBot that develop
symbolic regressiorequations In this study symbolic regression waperformed using
TuringBotto generatenathematical expressiotws predict dynamic retention from the defined
parameters affecting dynamic retentidruringBot is aspecialized software designed for
symbolic regression task8shoket al, 2021) The software employs advanced algorithms to
search through the space of mathematical expressions, aiming to find the one that best fits the

provided data.
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CHAPTER 4: RHEOLOGICAL STUDIES

Thischaptempresents rheological analysis of polymer solutionsariousbrine formulations,
including shear rampup evaluations, temperaturampup studies and experiments with
varying polymer concentrations. The chapter further characterizes the polymer satution
variousbrine recipedy assessing both the hydrodynamic size and the polydispersity. index
This chapter also discusses different analytical methods used for polymer concentration

determination.

4.1 Bulk-Rheological Properties

Bulk rheologicalproperties ofpolymer solutions relate tthe flow behavior of the polymer
solution. Theseroperties provide valuable insights into g®utiorts viscosity, and other
flow-related attributesRheologi@l experimentsvereconducted using the Anton PadCR

302 rheometer gsreviouslydiscussed irChapter 3. This chapterdetails the comprehensive
rheological characterization of polymer solutions within distinct brine formulations. This
includes effects ofarying shear rategl to 1000 %), polymer concentration€007 3000
ppm), ard temperatureg25 to 90 °C)

4.1.1Effect of Shear Rate on Polymer Solution Viscosity

The viscosity of polymer solutions is a fundamental property that reflects their resistance to
flow. This sectiondetails the effect ofarying shear raten viscosity of polymer solutions,
shedding light on their behavior under different flow conditidrise viscosity was measured

by varying polymer concentrations (1000 to 3000 ppm) in both formation (Fatgre 4.1)

and seawatg(Figure 4.2). The shear rate ramped up from 1 to 1080Qne carobserve that

all polymer solutions exhibited shetdninning behavioFigures 4.1 and 4.2); the viscosity
decreases as the shear rate incred$es behavior ibecause theghymer solutions consist of
long-chain polymer molecules dispersed in tinme At low-shear conditiongheytend to be

in a coiled or entangled state. This entanglement results in a high resistance to flow, leading to
higher viscosity. When higher shear rates are applied, these coiled and entangled polymer
chains begin to align in the direction of the shearth&sshear rate increases, the alignment
becomes more pronounced, and the chains stretch out along the flow direction. Hence, there is
less internal resistance to flow. Consequently, the solution becomes less visdous wit

increasing sheart is important to note that the alignment and disentanglement are not
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permanent. Once the shear force is removed, the polymer chains will, over time, return to their
coiled and entangled state, and the viscosity will rise back to its original fhleelegree of
sheathinning is more noticeable in solutions with higher polymer concentrations (3000, 2500,
and 2000 ppm) compared to those with lower polymer concentrations (1500 and 1000 ppm).
This is because high polymer concentrations tend to resstltinger entanglements and higher
viscosity. Accordingly, he induced aligments of molecules show significantly decreased
viscosity, leading to a more pronounced sktBaming behavio(Xin etal., 2018 Navaieet

al., 2022. Furthermore, one can note that higher polymer viscosities are achieved in seawater

as makeup brine as opposed to formation water, which was also reflected in more pronounced
shearthinning behavior accordingly.
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Figure 4.1: Bulk-rheology of SAV10 in FW (167,114 ppm) at 25 °C.
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Figure 4.2: Bulk-rheology of SAV10 in SW (42, 507 ppm) at 25 °C.
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4.1.20ptimum Polymer Concentration

This sectiondiscusseshe determination ofhe optimum polymer concentration required to
achieve the designed targéscosity of 4.5 cP at a shear rate of Zbased on theptimum
concentration analysis meth@@dogartyet al, 1967; AFShalabj2018; Elhossargt al, 2020)

The latter is based on achieving the minimum total relative mobility of oil and water phases
during the seawater (43,000 ppm) injection cycle for the reservoir conditions. This designed
polymer viscosity is needed to tackle the permeability contrasteketthe two zones in the
representative MiddleEast carbonate reservoifdasalmeh et al, 2011 and 2019).
Accordingly,theviscosities ofix arbitrary concentration@,000, 2,500, 2,000, 1,500, 1,000,
and 500ppm) ofpolymerprepared irboth seawateand formation watewere measured at a
temperature of 25 °C and a shear ratelO s. Figure 4.3 shows the effect of polymer
concentration on polymer solution viscosity in seawater and formation water. An optimum
polymer concentration of,d00 ppm was selected for further studi@ee should note that the
samel,000 ppm of polymer solution iformation watemwill also result inthe required target
viscosity of 4.5cP.
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Figure 4.3: SAV10 polymer viscosity vs. concentratiomn SW (42, 507 ppm) andcW (167,114

ppm) at a shear rate of 10 S and a temperature of 25°C.
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4.1.3Effect of Diluting Makeup Water on Polymer Viscosity

The influence of makeup water salinity on the viscosity of polymer solutions was
comprehensively examined. The investigation utilized formation water (FW) with gaiinit
167,114 ppm, and its subsequent dilutions: 33,423 ppmi};W6,711 ppm (F\W2), and 8,356

ppm (FW3). Seawater (SW) with a salinity of 42,507 ppm and its respective dilutions of 8,502
ppm (SW1), 1,701 ppm (S\W2), and 425 ppm (SV8) were alsautilized for comparisonThe
details of the brine compositiongentioned abovererepreviouslygiven inChapter 3 (Tables

3.1 and 3.2). Figure 4.4 graphically demonstrates the relationship between makeup water

salinity and the bulk viscosity of polymer solutions in the distinct brines.
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Figure 4.4 Effect of makeup water dilution using a) FW and b) SW on polymer viscosity using

1,000 ppm polymer concentration at a shear rate of 10'sand 25°C.

For the formation water with a salinity of 167,114 ppm, the viscesityeved wad.2
cP. Subsequent dilutions, F#& and FW2, recorded viscosities of 3t.cP and 4.6 cP,
respectively, showcasing marginakreasein polymer solution viscosity. Nevertheless, a
notable increase in viscosity to 5.7 cP was observed for th8 Aigure 4.49. In the context
of seawater, the base polymer solution presented a viscosity of 4.5 cP. Notably, diluttons SW
1, SW2, and SW3 exhibitedsignificantly higherviscositiesof 5.3 cP, 8.8 cP, and 21.9 cP,
respectively(Figure 4.4b).

In conclusion, the findings indicate that the increase in viscosity of polymer solutions
is minimal with salinities above 10,000 ppm. However, there is a notable increase in viscosity
when thesegolymer solutions are mixed with brines witbwer salinities This increase in
polymer solution viscosity is due to the pronounced repulsive intermolecular forces between

the anionic backbone chain of the polymer molecules at low salinity levels (less ionic species)
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that expand the molecular chainssulting in high viscositie/ermolenet al., 2011; Suret
al., 2018; Kakatietal., 2020)

Furthermore, the observaacreasdan viscosities at reduced salinity levels advocates
for areductionin the requisite polymer concentration to attain the targeted vis€usitsnolen
et al, 2014 Nascimentcet al, 2023) Figure 4.5showsthe polymer concentrations necessary
to attain the desired viscosity of 4.5 cP at a temperature of 25 °C and a shear raté foff 10 s
polymer solution irdifferent brines (FW and SW dilutions)h@& findings show that when the
salinity level is at 8,502 (SW), 8,356 (FW3), 1,701 (SW2), and 425 ppm (SV8), the
amount of polymer required to achieve the desired viscosity decreases significantly by 23%,
25%, 55%, and 73%, respectively.

8,356 16,711 33,423167,114 425 1,701 8,502 42,507
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Figure 4.5: Polymer concentration for the brine recipes a) FW dilutions and b) SWlilutions
needed to achieve desired viscosity of 4.5 cP at 10asd 25°C.

4.1.4Effect of Varying lonic Composition of Makeup Water on Polymer Viscosity

The impact of changing ionic composition on the polymer solution was investigated using a
series of five brinesnamelySW-1, SW-1A, SW-1B, SW1C, and SWID, all having the same

total dissolved salt content (8,502 ppm) as thattoh&s diluted seawatésW-1) butdiffering

in their ionic compositionThe ionic compositins of these brineserepreviouslyreportedn
Chapter 3 (Table 3.3). Figure 4.6 shows the effect ofarying ionic compositionsn polymer
solution viscosityusingabovementionedrines.

The polymer solution viscosity is 4.5 cP seawater $W) brine which can be
considered a baseline where other seawgdearved brinesare concerned. As the salinity is
maintained at 8,502 ppm in dive compositions, the only difference in the otHeur
compositions apart from the SWs the changes in €aMg?*, and SG ionic concentrations.

SW-1 has shown an enhancement in viscdsayn 4.5 cP (SWJo 5.3 cP. The same salinity
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as in SW1 was maintained i8W-1A, SW-1B, and SW1C (8,502 ppm), and the hardness
level wasvaried and it waschieved by the partial or complete removal of divalent catlans.
SW-1D, sulfate was spiked two times compared to-8VWhe highest increment in viscosity

to 7.5 cP compared with the 4.5 cP of SW is obtained in the case of complete softening of the
brine (SW1C), demonstrating the significant impact of the divalent cations on the polymer
solution viscosity.

Furthermore, it is interesting to note the relative effects éf @asus Md" ions on the
polymer solution viscosity. A higher polymer solution viscosity is observed in théBhvine
in comparison with the SWYA brine (6.8 cP vs. 6.0 cP), which can be explained by the
significant difference in the concentration of hardness ions; 108 ppn? oiC3W-1B versus
317 ppm of Md* in SW-1A. The latter is justified by the fact that there is a relatively three
times lower concentration of €don (108 ppm) compared to M§* ion (317 ppm) in the SW
1B composition. Another factor is the smaller ionic radius ofMgmpared to that of ¢§
though botttations possess the same electric charge. This exhibits a higher charge density and
stronger effect of the Mgion compared to the €sion (Renet al, 2015) The dependency of
polymer solution viscosity on salinity and hardness is due to the polyelectrolyte (ionic) nature
of the polymer molecules, which interact strongly with the dissolved ions in the brine solution
(Eiroboyiet al, 2019) Studies have showvthat divalent cations (Zaand Mg*) have a more
significant impact than monovalent ions {(Ned K) on polymer solution viscosity since their
higher positive charges are more effective in screening the negative charges on the polymer
backbone chain. Hence, polymer solution swelling and straightening of polymer chains are
greater in the presence of meatent cations than divalent cations, resulting in higher
viscositieg(Jouenne2020; Kakatiet al., 2020)

Further, the sulfate spiked brine recipe (8®) showed an increase in viscosity
compared t&W-1 (6.0 vs 5.3¢cP). This ismainly because the high sulfate conterduces the
hardness effect caused by the divalent catideace the shielding of the anionltackbone of
the polymer is reduceandthus enhancing the viscosityfahir et al., 2020) The error bars
depicted inFigure 4.6 were derived from the standard deviation of three experimental

repetitions.
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Figure 4.6: Effect of varying ionic compositions of makeup water on polymer solutionviscosity
using 1,000 ppm polymer concentration at shear rate of 1¢*sind temperature of 25°C.

Rheological studies of polymer solution in all these brines have shown that the
enhancement in viscosity resulted in a remarkable reduction in polyomeentration to
achieve a viscosity of 4.5 cP with the highest reduction of 50% in the case of completely
softened brine (SWLC) (Figure 4.7). Therefore, by formulating polymer solutions using
softened brine compositions, the consumption of these chemicals can be reduced, providing an
advantage when considering polymer flooding projects at the field scale that necessitate
significant polymer gantities (Ferreira and Moreno2019) Moreover, the reduction in
polymer concentration achieved by spiking the sulfate was not attractive enough considering
the negative aspects with sulfate resulting in chances of scale formation and production of sour
gas(Ghoshet al, 2020; Khurshicet al,, 2020)
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Figure 4.7: Polymer concentration for brine recipes with varying ionic compositiomeeded to

achievethe desired viscosity of 4.5 cP at 10'sand 25°C.
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4.1.5Effect of Temperature on Polymer Viscosity

The influence of temperature on the viscosity of polymer solutions was systematically
examined over a range spanning 25 to 90 °C. These experimental evaluations were conducted
utilizing the pressure cell geometry of the Anton Paar MCR 302. A pressuréat Gvas

applied to prevent evaporation of the polymer sampigsire 4.8shows the exponential decay

trend of polymer solution viscosity with temperature.

Polymer Solution Viscosity (cP)

0 20 40 60 80 100

Temperature (°C)

Figure 4.8: Polymer solution viscosity in FW at varying temperatures and shear rate 1¢.s

The comparison of polymer solution viscosity with respective brine viscosity across
varying temperatures is illustratedrigures 4.97 4.11(logarithmic scale was used for better
comparison).These figures demonstrate a consistent decrease in the viscosity of both the

polymer solution and the brine as the temperature rises.
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Figure 4.9: Polymer solution and brine viscosities of FW and its dilutions at varying

temperaturesand shear rate 10 §.

Moreover, he results show that both the polymer solution and the brine exhibit similar

trends in viscosity as the temperature is increased, as depickégunes 49 1 4.11. This

parallel behaviorindicates that at elevated temperatures, the polymer was stable, avoiding

significant degradation and maintaining the structural and functional integrity at these

challenging thermal condition@/ermolenet al, 2011) The stability of the polymerwas

further evidenced by its viscosity reverting to its initial state upon cooling to ambient

conditions. This highlights the potential of this polymer for Higmperature applications
(Audibert and Argillier, 1995; Salih et al, 2016 Navaieet al, 2022) Further, the noticed

reduction in polymer viscosity was due to the reduction of the sallsene) viscosity.
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Figure 4.10 Polymer solution and brine viscosities of SW and its dilutions at varying

temperaturesand shear rate 10 &.

81




The decreasingbrine viscosity withincreasing temperaturean be explained by
molecular dynamics of tharine solution. At a lower temperature, molecules have less kinetic
energy, which results in them moving slower and interacting more strongly with their
neighboring molecules. These interactions contribute to a higher resistance tefiolng
in higher viscosity. As the temperature increases, the kinetic energy of the molecules increases,
causing them to move faster. This reduces the intermolecular interactions, leading to a
reductionin the resistance to flow. Consequently, the viscosity of the brine solution decreases
(Rogers and Pitzet982; Francke and Thorad2010)
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Figure 4.11: Polymer solution and brineviscosities with varying ionic composition a) S\ALA, b)
SW-1B, c) SW1C, d) SW1D at different temperatures and shear rate 105

4.2 Hydrodynamic Size and Polydispersity Indexof Polymer solutions

The hydrodynamic size of a polymer depicts éffective diameter of a polymer in a solvent,
reflecting its conformation. In contrast, the polydispersity index (PDI) indicates the size
distribution within a polymer sampleith values neab representing uniform sizes and higher
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values indicating a broader distributidoth provide vital insights into polymeits behavior
in the solutionThis section describes the hydrodynamic size and polydispersity of patymer

differentbrine compositionand temperature conditionsed in this study.

4.2.1Effect of Makeup Water Salinity (FW and SW dilutions) on Hydrodynamic

Size
In this sectiona detailed examination of thgolymeiG hydrodynamic size was carried out
across the full range of salinitiesnsidered in this researchcluding formation water (FW)
seawate(SW), and their dilutionsThe ionic compositions of these brinegre previously
reported inChapter 3 (Tables 3.1and3.2). Figure 4.12 illustrates the hydrodynamic size of
the polymer solution as determined using the dynamic light scattering techisquesed in
Chapter 3.

Notably, thepolymeiGs hydrodynamic sizés influenced by the salinity of the makeup
water. Forhigh salinities, FW (167,114 pprand SW (42,507 ppm)the hydrodynamic size
was 102 nm and 103 nmespectively. Furthefor FW-1 (33,423 ppm), F\A2 (16,711 ppm),
SW-1 (8,502 ppm), and FV8 (8,356 ppm), the hydrodynamic sizereased further and
remained relatively consistent, ranging betwee8& 116 nm. This variation falls within the
error margins indicated by the error béfgyure 4.12). However, more pronounced changes
were observed at lower saliieis 119 nm and 146 nm for 1,701 ppm (SVand 425 ppm
(SW-3), respectively.

At low salinities, the electrostatic repulsion between the anionic sulfonyl groups on the
polymer chains prevents aggregation. This repulsion ensures that the pohaims remain
dispersed and extended in the solution, contributing to the larger hydrodynamic size of the
polymer (Li et al, 2014) However, at high salinities, the increased ionic strength of the
solution reduces the electrostatic repulsion between the polymer,@rairthe polymer chains
undergo coiling. Consequently, the polymers tend to aggregate, leading to a decline in the
average size of individual polymer chains in solutfpanget al, 2015; Silvaet al, 2018;
RubenHernanet al,, 2020)
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Figure 4.12: Effect of makeup water dilution on SAV10 polymerhydrodynamic sizefor 1,000
ppm polymer concentration ata temperature of 25°C a) FW and its dilutions, b) SW and its

dilutions.

4.2.2Effect of Varying lonic Compositions of Makeup Water on Hydrodynamic
Size
In this section, the hydrodynamic size of the polymer was investigated across brines with
distinct ionic compositions: SW, SW1A, SW-1B, SWC, and SWI1D, all having the same
total dissolved salt content (8,502 pplbout differing in their ionic compositionTable 3.3in
Chapter 3 details the ionic compositions of these brirfégure 4.13 illustrates how varying
concentrations of ion€a*, Mg?*, and S@) influence the hydrodynamic size of the polymer.
The SW brine showed a polymer hydrodynamic size of 103 nm, serving as a baseline
for comparisons with other seawatlsrived brines.The most notable increase in
hydrodynamic size was observed in SW (zero hardnessat 120 nm Meanwhile, the
hydrodynamic sizes of SW, SW1A, SW-1B, and SW1D were measured to be 115 nm, 112
nm, 110 nm, and 111 nm respectively. As depictdelgare 4.13, these values fall within the
error limits indicated by the error bars. Although the viscosities of the polymer seluéioad,
being 5.3, 6.0, 6.8, and 6.0 for SW SW-1A, SW1B, and SWI1D respectively, these
differences did not significantly influence the hydrodynamic sasthe hydrodynamic sizes
mentioned represent the peak values in the particle size distribution.
For the brine recipes with high hardness o881, SW-1A, SW-1B, and SW1D),
the ions presenfCa*, Mg?") can screen the charges on the polymer, reducing repulsions
between similarly charged segments or molecules. This can lead to reduced expansion of the
polymer chainloweringits hydrodynamic sizeSoftenedorine (SW1C)typically has reduced
ionic strength due to the removaldif/alentions. This decreased ionic strength can enhance
electrostatic repulsions between charged segments of the polymer, causing the polymer to

adopt a more expanded conformatiatso, the absence of hardness ions in softenedrwate
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lead to improved solvation of the polymer chains, causing them to expand further and increase
their hydrodynamic siz@NVeveretal., 2011; AFHajri et al, 2019; Gbadamost al., 2022)

125 -
120 -

115 A

110

105 -

100 -
95 A
90

SW-1 SW-1A SW-1B SW-1C  SW-1D

Hydrodynamic Size (nm)

Figure 4.13: Effect of varying ion compositionin makeup wateron SAV10 polymer

hydrodynamic sizefor 1,000 ppm polymer concentration attemperature of 25°C.

4.2.3Effect of Temperature on Hydrodynamic Size

The hydrodynamic size of the polymer in high salinity brine (167,114 ppm) and low salinity
brine (425 ppm) was determined at various temperatures (25, 40, 60, 80,°@)ch9&Ghow

in Figure 4.14. Thehydrodynamic size of the polymer decreased witheasing temperature

in both the salinitiesThis is becauset digher temperatures, polymer chains tend to contract
due to the increased thermal motion of individual polymer segments. This increased movement
can lead to reduced chain expansion and therefore, a decrease in the hydrodynamic size
(Samantaet al, 2010; Sandengest al., 2017)
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Figure 4.14. Effect of temperature on hydrodynamic size of the polymer.

4.2.4Polydispersity Index

The Polydispersity Index (PDI) measures the size distribution of particles in a sample. A
polydispersityindexvalue of O would indicate a monodisperse sample, where all particles are
of the same size. As theolydispersityindex value increases, it signifies a broader size
distribution(Ghosh and Mohan{y020;Agastyet al, 2021; AlJaberet al., 2023)
For the highessalinities, the polymer solution displayed a PDI betwe&mafd 0.4.
The observegolydispersityindexfor the sample suggests that the sample hasektively
narrow distributionof particle sizeThe narrower size distribution suggests that most of the
polymer chains responded similarly to the high salt environment, coiling up uniformly.
Neverthelessan exception was observed for the polymer solution at the lowest salinity
of 425 ppm under ambient conditioms this casea polydispersityindexof 0.6 was observed
indicatinga moderate heterogeneity in particle sidée largempolydispersityindexin the low
salinity environment suggests a more heterogeneous response of the polymer chains to the
brine. While many chains would have expanded duleeceduced ionic strength, some might
not have expanded as mugdlhis variedresponse leads to a broader size distribution, reflected
in the higher PDI valudsigure 4.15 shows a typical particle size distribution curve with a PDI

value of 0.4.
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Figure 4.15: Particle size distribution curve with different PDI values.

4.3Polymer Concentration Measurements using Different Analytical
Methods

Thepolymer concertation measuremeaspartof the researctvereconductedising different

analytical methods including UV, viscosity, and TO® methods.

4.3.1UV Method

A calibration curve was constructed using a UV spectrophotometer from standard solutions
with known concentration@igure 4.16). Based on this calibration curve, ttwcentration of

the collectedsamplesvasdetermined
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Figure 4.16: Calibration curve using UV spectrophotometer.
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4.3.2Viscosity Method

Figure 4.17 illustrates the calibration curve obtained from the viscosity method, depicting the
relationship between viscosity and polymer concentration. To obtain polymer concemtfation

unknown samplessing this calibration curve, the viscositytbésesamplesveremeasured.

~—~~ 5 ]
o
)
2, y = 0.003x + 1.2605
‘© R2=0.9993
o
[&]
2
> 3
c
8
=
@ 2]
2
> 14
o
a
O T T T T T 1
0 200 400 600 800 1000 1200
Polymer Concentration (ppm)

Figure 4.17: Calibration curve using the viscosity method.

4.3.3TOC-TN Method

Figure 4.18 presents the calibration curve derived using the Ti®IGmethod establishing a
relationship between the known polymer concentration and the total nitrogen content in the
sample. By assessing the total nitrogen contetitarunknowrsamples, we can subsequently

determine the polymer concentration within those samples.
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Figure 4.18: Calibration curve using the TOC-TN method.
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4.3.4Comparison of Different Analytical Methods for Polymer Concentration
Measurements

The analysis of the calibration curves derived from all three mefi(frogisres 4.16 i 4.18)

clearly demonstrates their efficacy in measuring the concentration of polymer in effluent
samples.Table 4.1represents the polymer concentration measurements using all the three
methods. Notably, the consistency across these methods is further substantiated by the narrow
error bars Eigure 4.19, which represent the standard deviation based on three separate runs.
The proximity of these error bars indicates minighatrepancies in the results obtained from

each method, thereby highlighting their comparability. Therefore, given their demonstrable
accuracy and consistency, any of the three methods can be confidently employed for

guantifying polymer concentrations.
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Figure 4.19: Uncertainty in polymer concentration measurements using different analytical
methods.

Table 4.1: Polymer concentration measurements using different analytical methods

Polymer Concentration (ppm)
R1 R2 | R3 Average Standard Deviation
197 | 198 | 206 200 5
uv- 397 | 396 | 407 400
Method 596 |594| 610 600 9
796 | 792| 811 800 10
992 | 997 | 1010 1000 9
Viscosity- | R1 R2 | R3 Average Standard Deviation
Method 204 | 197 | 199 200 3
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402 | 405| 394 400 S

602 | 597 | 602 600 3

792 | 799| 808 800 8

1004 | 994 | 1001 1000 5

R1 R2 | R3 Average Standard Deviation

199 | 200 | 202 200 1

TOC-TN- | 398 | 399 | 403 400 3
Method 597 | 599 | 605 600 4
796 | 799 | 806 800 5

995 | 998 | 1008 1000 7

4.4 Highlights of the Chapter

This chapterexploredthe influence of makeup water salinitysine ionic composition, and
temperature on the viscosity of polymers. Additionally, the hydrodynamic size and
polydispersity index of the polymer unddifferent conditions weredetermined Various
analytical methods were also evaluated for measuring polymer concentrations. The

investigation yielded seversignificantfindings, which aresummarized as follows:

1 The dilutedand softenedrines increased the viscosity favorably compared to high
salinity injection waters. This could lead to a reduction in polymer flood operating costs
by allowing for a lower polymer dosage.

1 The polymeés hydrodynamic size was higher at low salinity &M temperature
conditions.The hydrodynamic size of polymer was in the ranf&5 - 146 nmfor
varying conditionsTypically, the polymer solution exhibited a PDI ranging from 0.3
to 0.4, indicating a relatively consistent size distribution. Howeveexaaptionwas
noted at 425 ppm salinity under ambient conditions, showing a PDI of 0.6.

1 All the three analytical metho@wvaluatedncluding UV-Vis, Viscosity, and TOETN,

wereeffective in determining unknown polymer concentration.
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CHAPTER 5: EFFECT OF SALINITY ON POLYMER
ADSORPTION IN STATIC AND DYNAMIC CONDITIONS

Chapter 5 examines the influence of salinity on polymer adsorption, using representative
samples of Middle Eastern formation water, seawater, and their respective dilutions. Initially
static adsorption studies in singlbase were conducted. Further to investigate representative
retention valugslynamicretentionstudies were performed in the absence and presence of oil.

Moreover, the impact of salinity an-situ rheologyis highlighted

5.1 Experimental Overview

The effect of salinity on polymer adsorption was studied usergrorine compositions, which
includes formation water (FW3eawater (SWandtheir dilutions Theoverallsalinities of the
brines used are reported ifables5.1and5.2

The crushed rock powderore plugsand polymer solutions were characterized and
prepared using the methods describedChapter 3. Static adsorption experiments were
conducted in singkphase conditionat ambient temperaturejth polymer solutions prepared
in the proposed brine composition§o ensure precise polymer retention measuremefts, 1
dynamic retention experiments werenducted 7 without oil (singlephase) and 8 with oil
present (twephase).

In the singlephase experiments, the adsorption tests were conducted by first injecting
brine, then polymer, and finally flushing with brine at a rate of 0.5 cc/mithdbrine post
flush stage, approximately 6070 pore volumes of brine were injected to ensure complete
flushing outof the polymer. During the polymer injection and brine gasth, effluents were
collected every 0.2 PV for the first 5 PVs. Once the differential pressure stabilized, the
collection interval was increased to 1 PV.

On the other hand, for the twahase experimentsyo protocols were used. Initially,
for CF8 protocol 1was usedor forced imbibition the oil was injected first to bring the core
to Sy condition, then aged at 90 °C for 14 days to alter wettabilityl twet. This was dllowed
by injecting formation brine at different flow rates to reach residual oil saturatignR&ther,
polymer adsorption study was initiated with a brine preflush, polymer injection, aneploshe
flush at a flow rate of 0.5 awin. In the polymemjection stage oil was produced, which altered
the Sr. Hencerepresentative RF and RRF were not obtaifiecavoid oil mobilization during

the polymer injection phase, protocol 2 was employed for further studie® (GEF 15). In
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the latter protocol, a mixture of glycerin and brine was injected at varying flow rates to reach
residual oil saturation ¢3, followed by flushing the mixture using 100% brine for at least 20
PVs. The effluents were tested for glycerin absence before proceeding with polymer injection
phase.This helped in removing the maximum amount of mobile oil from the saarpde
preventing any oil mobilization during polymer injection and allowed for better
characterization of polymer retentidrurther, he polymer oncentration was analyzed time
collected effluent samples at regular intervaisbles 5.1 and5.2 show the properties of the

outcrops and experimental conditiaensidered for this study

Table 5.1 Petrophysical properties of core samples and experimentabnditions applied for
single-phase corefloodingexperiments

Core ID
. CF-1 CF-2 CF-3 CF-4 | CF-5 CF-6 | CF-7
(Single-phase Tests)
Connate Water/
o o 167,114 | 33,423 | 16,711 | 8,356 | 42,507 | 1,700 | 425
Injection Water Salinity,
FW FW-1 FW-2 [ FW-3 SW SW-2 | SW-3
TDS (ppm)
Polymer Concentration
1000
(pPpm)
Length (cm) 6.85 7.50 7.30 7.95 7.71 7.22 7.70
Diameter (cm) 3.80 3.80 3.81 3.72 3.81 3.80 3.80
Porosity (%) 17 15 15 15 16 16 17
Absolute Brine
N 265 265 286 283 244 231 225
Permeability (mD)
Temperature®C) 25
Confining Pressurepéi) 1200
Backpressure f§si) 100
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Table 5.2 Petrophysical properties of core samples and experimental conditions applied for
two-phase coreflooding experiments

Core ID
CF-8 CF-9 | CF-10 | CF-11 | CF-12| CF-13 | CF-14 | CF-15
(Two-phase Tests)
Connate Water/
o ~ | 167,114) 167,114| 33,423 16,711 8,356 | 42,507 | 1,700 | 425
Injection Water Salinity,
FW FW FW-1 | FW-2 | FW-3 SW SW-2 | SW-3
TDS (ppm)
Polymer Concentration
1000
(ppm)
Length (cm) 7.61 6.32 6.20 7.10 7.30 7.34 756 | 7.20
Diameter (cm) 3.80 3.76 3.80 3.80 3.80 3.78 3.8 3.8
Porosity (%) 15 15 15 15 15 15 19 15
Absolute Brine
. 234 200 224 284 263 218 260 223
Permeability (mD)
Sui (%) 34 32 33 32 34 36 32 34
Sor (%) 37 35 34 35 35 38 31 39
Temperature®C) 25
Confining Pressurepéi) 1200
100

Baclkpressure [§si)

5.2 Static Adsorption Studies

Static adsorption experiments were performed as per the methodology explainegiar 3

to determine the effect of salinity on polymer adsorption.

5.2.1Effect of Salinity on Static Polymer Adsorption

BET surface area of crushed samples used for the static adsorption expenasatitained
from BET measurements as discusseapter 3, Section 3.2.5.2 BET surface area of

crushed core samplésised on the BEplot (Figure 5.1) was0.73 m?/g.
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Figure 5.1: BET plot for the crushed rock sample used for static adsorption studies

Figures 52 and5.3 show the effects of makap water dilution on polymer adsorption
in static singlephase tests at 2%C for formation water, seawater, and their dilutions
respectively. The static polymer adsorpiamere 252 pg/gock and 212 pgigock when
formation water and seawatevere used as the makg brine for polymer solutign
respectively. For polymer solution prepared in formation water dilutionsLK88,423 ppm),
FW-2 (16,711 ppm), F\AB (8,356 ppm), the static polymer adsorpsiarere203, 103, and 94
Mg/grock, respectively Figure 5.2). Similarly, for polymer solution preparad seawater
dilutions SW2 (1,701 ppm), and SW¥ (425 ppm), the static polymer adsorpsiarere47, and
25 pg/grock, respectively Figure 5.3). This indicates atrongdecreasing trend of polymer
adsorption with lowering makeup water salinity. This reduction in polymer adsorption is due
to the expansion of polymer molecules at reduced salinities, which results in fewer expanded
polymer molecules required to fill the adgton sitegSorbie 1991, AlSofi et al, 2018) It is
worth noting that the static adsorption tests usually result in inflated polymer adsorption levels
due to the high surface access area to polymer provided by the crushed [@twdeset al.,
2020)
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Figure 5.2; Effect of FW and its dilutions on SAV10 polymer adsorption in static singlghase
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Figure 5.3: Effect of SW and its dilutions on SAV10 polymer adsorption in static singkphase
tests at 25°C.

To ascertain the reliability of the static polymer adsorption measurements, a series of
three distinct experiments were meticulously conducted. By deriving the standard deviation
from the results of these trials, the degree of uncertaintye measurementaere captured
This derived uncertainty is visually represented using error bars, which are prominently

displayed inFigures 52 and5.3.
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5.3Dynamic Retention Studies

5.3.1Dynamic Polymer Retention Measurements in the Absence of Oll

For dynamic polymer retention measuremethis effluent polymer samples collected at every
0.2 pore volumes and later every 1 pore volume during polymer injection aritusbsitage,

were analyzed for the effluent polymer concentration using\Mivspectrophotometein
Chapter 4, three methods for measuring effluent polymer concentration in ghglee
experiments were discussed. Among them, theMiB/spectrophotometer was frequently
mentioned in the literature, often used alongside T However, ;ice TOGTN was
unavailable during our singighase experiments, and because the viscosity method demanded
prolonged testing to assess viscosity losses from degradation to determine exact effluent
concentration, we opted to utilize the tXfs spectrophotomter.The polymer concentration

of each effluent sample was then normalized by dividing the polymer concentration in the
effluent by the initial polymer concentration in the solution that was injected. The normalized

concentration was then plotted agaih pore volumesHgure 54).
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Figure 54: Polymer concentration profile of CF1 during polymer injection and brine postflush

cycles at 25 °C.

5.3.1.1Uncertainty in the Dynamic Polymer Retention Measurements

The uncertainty associated with dynamatymer retention measurements primarily stemmed
from the uncertainties in two key factors: the volume of effluent collected at various intervals
(Ve) and the measurement of effluent polymer concentratiaf). (these uncertainties
significantly impacted the final polymer retention valug)(@quation 3.16) (Manichand and

Seright 2014) Table 5.3presents a comprehensive overview of the uncertainties encountered
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during these measurements obtained by taking readings for each parameter and applying
Equation 3.27. To determine the overall uncertainty in the final polymer retention value, the
theory of error propagatiofquations 3.28 and3.29) was employed ifcquation 3.16. This

theory allowed for the systematic evaluation and quantification of how uncertainties in the
measured volume and polymer concentration propagated and affected the final retention value.
The final uncertainty in dynamic polymer retention value with-\Ji¥ Spectrophotometer is

presented iTable 5.3

Table 5.3: Summary of uncertainties in parameters observed using UV Spectrophotometer
method for CF-1

Analytical Method UV Spectrophotometer Method
Parameter Uncertainty
Ci (ppm) 996 + 4.45
Vi (cc) 187.2+1.73x106
CiVi (ug) 186451.2 + 833.28
E GVe(ug) 176501.4+ 159.84
W (9) 174.8+ 5.77x10
Ad (Ug/g-rock) 56+5

5.3.1.2Effect of Salinity on Dynamic Polymer Retention in the Absence of Oil

In the singlephase experiments, the matertmlance method yielded dynamic polymer
retention values. For GE where polymer solution was prepared in high salinity formation
water (167,114 ppmjhe dynamic polymer retention was observed to be 56-gogky(Figure

5.5). The amount of polymeetention varied when different formation water dilutions were
used. The dynamic polymer retention values were 50-payk for FW1 (33,423 ppn), 46
pg/grock for FW2 (16,711 ppny, and 25 pg/gock for FW3 (8,356 ppmi (Figure 55). The

first two dilutions of FW1 and FW2 did not show a pronounced difference in polymer
retention, but the third dilution of F\M@ showed a significant reduction. This suggests that
reducing salinity below 10,000 ppm is necessary to achieve a notdblgioa in polymer
retertion.
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Figure 55: Dynamic polymer retention for formation water and its dilutions in the absence of
oil.

Further, in the case of polymer solution in seawatéelynamic polymer retention of 47
Hg/grock was observed={gure 5.6). In addition, significant reduction in polymer retention
was observed when SW/(1,701 ppm) and SV8 (425 ppm)wereused with valuesf 38 and
24 pg/grock, respectivelyRigure 5.6). It is interesting to highlight that both salinities were
below 10,000 ppm, which confirms the previous observation that there were notable reductions

in polymer retention at salinities below 10,000 ppm.
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Figure 5.6: Dynamic polymer retention for seawater and its dilutions in the absence of oll

98



The reduction in polymer retention with decreasingesalinity could also bgustified
by the high solvency of low salinitigrine for the polymer, which reduces the interactions
between the polymer and the rock. Additionally, the larger hydrodynamic size of the polymer
molecules at reduced salinities, the fewer polymer molecules needed to fill the adsorption sites.
Furthermore, thepolymer chains expand in lesalinity brine, resulting in unfavorable
conformations for adsorption and high conformatiométagy loss during adsorptidSorbie,
1991;AlSofi et al, 2018)

5.3.1.3Effect of Salinity on In-Situ Rheologyin the Absence of Oil

The ability of a polymer solution to exhibit its viscosity as it flows through a porous medium
is measured by the resistance factigure 5.7 provides a summary of the RF values for
formation water and its dilutions in the absence of oil. In sippkese experiments, the RF
values for the base cases FMiglre 5.7) and SW Figure 5.8), with salinities of 167,114 and
42,507 ppm, respectively, were relatively similar (9.00). However, higher RF values were
observed for diluted brine recipes of both FW and SW. ForlF\MW2, and FW3, with
salinities of 33,423, 16,711, and 8,356 ppmpeesively, the RF values were 14.70, 15.64, and
12.54, respectively. Similarly, for S\& and SW3, with salinities of 1,701 and 425 ppm,

respectively, the corresponding RF values were 19.56 and 43.02.
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Figure 5.7: Effect of formation water and its dilutions on RF in the absence of oil.
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Figure 5.8: Effect of seawater and its dilutions on RF in the absence of oil.

As was previously mentioned, the resistance factor refers to the increase in flow
resistance experienced by a polymer solution as it flows through the porous reservoir rock. The
resistance factor is influenced by several factors, including polymer imegette, polymer
concentration, molecular weight, polymer structuresiin polymer viscosity, makeup water
salinity, rock properties (porosity, permeability, pore size distribution, presence of oil, and
wettability), and the interactions between the paysolution and the reservoir rock (polymer
adsorptionZamaniet al.,, 2015)

In singlephaseexperiments, salinity and polymer adsorption seem to be the main
factors influencing the RF, as the same polymer and core samples with similar petrophysical
properties were used. In the experiments using formation water and its dilutions, the resistance
factor (RF) showed an increasing trend as the salinity decreased, reaching a peak at 16,711
ppm, then it decreased at 8,356 pprhis observed trend is due to the shear thickening
behavior and effect of salinity on shear thickening behavior of the polyrhdrosownhile
flowing through the porous media.

Shear thickening is a phenomenon where the viscosity of a fluid increases with an
increase in the shear rate. This behavior is due to the interaction between polymer chains and
the flow field. When polymer solutions are in high salinity brine, the highisas usually
reduce coil gyration and hydrodynansize Consequently, higher shear rates are required to
uncoil the polymers, and the onset of shear thickening is delayed for high salinity compared to
low salinity (Rocket al, 2020) The shear thickening behavior can be explained by thun
viscosity illustrated irfFigures 5.9 and5.10. The insitu viscosity of FW and its dilutions were

increasing with decreasing salinity. However, it is important to note that the bulk viscosity of

100



FW and its dilutions remains constant at around 3.6 cP, except for 8,356 ppm, which is slightly
higherabout4.4 cP Figure 5.9). The bulk viscosity and isitu viscosity data suggest that low
salinity may not affect the bulk viscosity of the polymer, buatffiects the in-situ viscosity (at

constant flow rates) and increases it.
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Figure 5.9: Effect of salinity on in-situ viscosity and bulk viscosity at 0.5 cc/miif~ 10 ft/d) and

25°C for formation water and its dilutions in the absence of oil
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The RF valuesKigure 5.7) vary and follow the trend of isitu viscosity Figure 5.9)
up to 16,71Jppm. Further, the in situiscosity increases and RF decreases for-BYRF for
FW-3 (8,356 ppm) was slightly less than F\W(33,423 ppm) and FV¥ (16,711 ppm). This is
due to low polymer adsorptiofigure 55) seen in 8,356 ppm which has overcome the salinity
effect. The low RRF value for the polymer solution at this salinity supports this observation,
which will be discussetlurther in the coming section

Furthermore, the experiments using seawater and its dilutions also exhibited almost a
similar behavior, with the RF increasing as the salinity decreased to 425Fapme(5.8).
However, the impact is more prominent than FW and its dilutions, mainly due to the relatively
lower salinity of SW dilutions than FW dilutions. In this case, the bulk viscosity has shown a
steady increase from 3.6 cP to 12.2 cP, while tistinvisco#ty increased from 3.2 cP to 20.5
cP Figure 5.10). The bulk viscosity and isitu viscosity are almost similar at high salinity
SW (42,507 ppm), showing thab shearthickeningwas observed at the flow rate of 0.5
cc/min However, insitu viscosity takes the lead at dilutions and becomes highest for the
lowest salinity (425 ppm). This observation further supports the fact that the shear thickening
for polymers directly depends on the salinity, and the lower the salinéyhjigher the shear
thickening valuesbserved at the same flow rateddb cémin (Rocket al, 2020) Overall, the
interplay between makeup water salinity, polymer adsorption, andrethdtant shear
thickening behavior contributes to the observed variations in RF values in the 100% brine
saturated corgdHanet al., 2012)

The resistance factor impact on the polymer flooding process can be both beneficial
and detrimental. On the positive side, a higher resistance factor can enhance the polymer sweep
efficiency. However, it can also result in a rise in pressure drop, redugetgivity, and
rendering it more difficult to inject the polymer solution into the reserfoirthermore, a high
resisance factor indicates a high-#itu viscosity indicating a larger hydrodynamic size
resulting in trapping of these polymers on te tmarrow pore throats, thereby reducing the
pol ymer flooding pr @Gasbagedtal, 2015;fSkaugetay, 2068y er t |
The injectivity reduction for all coreflooding experiments were calculated and summarized in
Table 5.4 which includes primary brine injectivity, polymer injectivity, and the loss of
injectivity during polymer injectioninjectivity refers to the ease with which fluids can be
injected into a reservoir. As polymers are introduced into the reservoir, they can lead to a
reduction in the permeability of the formation, thus reducing injectiVite findings indicate
that the injectivity los$or polymer floodingwith formation water and seawater weishin the
acceptable range of 0.5 to @9anet al, 2012)
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Table 5.4: Summary of injectivity during polymer injection with different makeup water
salinitiesin the absence of oil

Makeup Polymer Injectivity Behaviour

Brine Type th(_ar Single-Phase Experiments
Salinity I I T

(ppm) b b 1/l njectivity

(f/d)/ (psifft) | (f/d)/ (psi/ft) loss
167,114 8.49 0.95 0.11 0.89
FW and its 42,507 9.85 1.09 0.11 0.89
dilutions 33,423 10.85 0.74 0.07 0.93
16,711 12.83 0.82 0.06 0.94
. 8,356 13.56 0.77 0.06 0.94
S(;’i‘{u";‘igﬂs'ts 1,701 9.17 0.47 0.05 0.95
425 8.34 0.19 0.02 0.98

Nonetheless, when injecting polymer with low salini®g@23, 16,711, 8,356,701
and 425 ppm), a significant injectivity loss (> 0.9) is observed due to the elevatid in
viscosity of the polymerThis is mainly attributed to the relatively high viscosity of polymer
solution due to low salinity. The uniform concentration of 1;ppfh polymemasused for all
salinities, to study the effect of salinity on polymer performance, which contributed to resultant
viscosities at different salinities. Despite this high viscosity and inferior injectivity, the
differential pressure was stable during polynigection (Figure 5.11) at low salinity,
indicating no plugging due to increased viscodiigure 5.11 illustrates the pressure drop
profiles for the brine preflush, polymer injection, and brine postflush stages across all
coreflooding experiments. Althgh 60 to 70 pore volumes were injected during the brine
postflush, the differential pressure readings were only displayed up to 10 pore volumes because

the pressure stabilized within 5 to 7 pore volumes in all cases.
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Figure 5.11: Pressure drop profile during brine pre-flush, polymer injection, and brine post
flush at a flow rate of 0.5 cc/min for CF1 to CF7.

103



5.3.1.4Effect of Salinity on Residual Resistance Factor, Permeability Reduction, and

Adsorbed Layer Thickness in the Absence of Oll

FromFigure 5.1Q it is evident that the differential pressure of piissh brine injection at a

flow rate of 0.5 cc/min is higher than that of {iiesh brine injection. This indicates a reduction

in permeability, mainly due to the polymer adsorption onto the pore walls. The decrease in
permeability can be inferred from the residual resistance factor (RRfEyes 5.12 and5.13
summarizeéhe RRF values calculated at an injection rate of 0.5 cc/min (approximately 10 ft/d).
According toFigures 5.12 and5.13, in the absence aill, the RRF values range from 2.76 to
3.00 for high salinities (ranging from 16,711 to 167,114 ppm), whereas RRF ranges from 1.87
to 1.91 for low salinities (ranging from 425 to 8,356 ppm). These findings indicate that high
salinity brines exhibit greatgoolymer retention compared to low salinity brinEgy(ires 5.5
and5.6) (Leeet al, 2019)
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Figure 5.12: Summary of RRF valuesfor coreflooding experimentswith formation water and its
dilutions in the absence of oil
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Figure 5.13: Summary of RRF valuesfor coreflooding experimentswith seawater and its

dilutions in the absence of oil
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The adsorption layer thickness is thicker in the case of high salinity brines, compared
to low salinity brines Figures 5.14 and5.15). This is due to a greater number of adsorbed

polymer molecules with the high salinity makeup brines as opposed to that with the low salinity

167,114 33,423 16,711 8,356
Make-up Water Salinity (ppm)

makeup brines.
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Figure 5.14: Summary of polymer adsorption thickness due to polymer retentiofior formation

water and its dilutions in the absence of oil
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Figure 5.15: Summary of polymer adsorption thickness due to polymer retentiotfior seawater
and its dilutions in the absence of oll

5.3.2Dynamic Polymer Retention Measuremergin the Presence of Qil

For twophase dynamic polymer flooding experiments two protocols were ugge\asusly
discussed ifChapter 3. Initially, protocol 1 was used for forced imbibition (&f, andlater
protocol 2 wasltilized for (CF9 to CF15).
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The UV-Vis spectrophotometer method was chosen to determine the effluent polymer
concentration for CB initially. However, this method encountered challenges due to the
interference of trace amounts of oil in the effluent polymer solution. Specifically, these oll
traces skewed the UV absorbance measurements, preventing obtaining accurate dynamic
retention values. Isearch of an alternativeethod the viscosity method was explored. Yet
again, the trace amounts of oil posed a problem, interrupting the Wsoosasurements.
Nevertheless, a solution was founduiifizing the TOGTN method Despite the presence of
traces of oil in the effluent samples from the-&Fexperiment, the TOZN method
successfully determined the polymer concentration and yielded a representative dynamic
polymer retention value of 24 pgfgck. Later, the normalizedncentration vs. pore volumes
was plotted Figure 5.16). For CF9 to CF15, TOC-TN was employed for effluent polymer

concentration measurements.
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Figure 5.16: Polymer concentration profile of CF8 during polymer injection and brine post

flush cycles at 25 °C using viscosity and TOTN method.

5.3.2.1Uncertainty in Dynamic Polymer Retention Measurements

The uncertainty associated with dynamic polymer retention measurements in presence of oil

was also determined and presentedable 55.
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Table 5.5 Summary of uncertainties in parameters observed using TOON method for CF-9

Analytical Method uv Spe&t;ct)ﬁggtometer

Parameter Uncertainit

Ci (ppm) 1000 + 2.69
Vi (cc) 185.5 + 1.73x18

CiVi (ug) 185648.4 + 494.77

Z GVe(ug) 181705.6615 + 154.16

Wi (9) 151.77 + 5.77x10
Ad (Hg/grock) 26+3

5.3.2.2Effect of Salinity on Dynamic Polymer Retention in the Presence of Oil

For the twephase experiments, significantly lower polymer retention values were observed for
CF9 to CF15 compared to those in the singlbase experiments (EFto CF7). The
retention values for CBto CFl15wer e 26, 26, 23, -raclQrespetely 2 0,
as opposed to the values in the sifgase experiments (€Fto CF7) of 56, 50, 46, 25, 47,

38, a n drocRk, 4or thegdspective brines of FW, FWFW-2, FW-3, SW, SW2, and

SW-3. The reason for these low polymer adsorption vakidse to the presence of oil and the
relatively more oHwet cores, which resulted in significantly reduced available rock surface
area for polymer molecules adsorptigtugheset al, 1990;Broseteet al, 1995; Hatzignatiou

etal., 2015;Wangetal., 2020.

The impact of salinity on the polymer adsorption onto the cores in the presence of oil
was also noted. When low salinity brines3&5 1,701, and 425 ppm) were used, polymer
retention val ues we r-mck)compaed to(the 9alues dlidervecawitid 1 4
formation water (16,114ppm) and seawaterZ£&07ppm), which resulted in higher retention
val ues of 2-1ock, aespebctivRgFigueeg 5.13 and 5.18 present the dynamic

polymer retention results for all coreflooding experiments.
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Figure 5.17: Dynamic polymer retention for formation water and its dilutions in the absence

and presenceof oil.
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Figure 5.18: Dynamic polymer retention for seawater and its dilutions in the absencand

presenceof oil.

5.3.2.3Effect of Salinity on In-situ Rheologyin the Presence of Oil

In two-phase experimentsne can note fronfrigure 5.19 that theRF values for FW with
salinity of 167,114vas8.31 andor FW-1, FW-2, and FW3, with salinities of 33,423, 16,711,

and 8,356 ppm, respectively, the RF values were 9.23, 7.98, and 7.83, respedtivitig.

other handFigure 5.20 shows the RF values for seawater and its dilutiBotymer flooding
experiment with SW salinity of 42,507 ppm indicates an RF of 10.16, and for seawater dilutions

SW-2 and SW3, with salinities of 1,701 and 425 ppm, respectively, the corresponding RF
values were 16.73 and 20.22.
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of oil.

In two-phase experiments, the kéyfluencing factors affecting RF values were
attributed to the presence of oil and the rock wettal{ifityShakryet al, 2018; Masalmelet
al., 2019) In the presence of oil in eiet cores, there are notable changes in RF asdun
viscosity values. Specifically, RF values drop significantly compared to cores 100% saturated
with brine. As depicted ifrigures 5.21 and5.22, the presence of oil leads to lowereekitu
viscosity compared to the absence of oil. Theiin viscosity values for FW and its dilutions
are very similar to bulk viscosity values. This behavior indicates that shear thickening in the
presence of oild lessFurther, in the case of SW and SX\the insitu viscosity was slightly
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higher than the bulk viscosity indicating a mild shear thickening behavior. Overall, the presence
of oil has lowered the shear thickening behavior. This is bedhaspresence of oil in the
porous rock leads to a smoother flow of the polymer solution through the porous media due to
several factors. Firstly, the oil reduces the effective pore volume, resulting in a shorter
propagation path for the polymer. Additiolyalthe slipping effect of oilvet surfaces aids in
facilitating a smoother flow of the patyer. This lowers irsitu viscosity of the polymer

solution, as representedfigures5.21 and5.22 (Masalmetet al, 2019 Alfazaziet al, 2021)
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Figure 5.21: Effect of salinity on in-situ viscosity and bulk viscosity at 0.5 cc/min (~ 10 ft/d) and

25°C for formation water and its dilutions.
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The reduced injectivity loss observed in aged coregrabBpared to 100% saturated
cores(Table 5.6, can be predominantly attributed to the weakened dilatant behavior of the
polymer solution in the oilvet cores. The inherent presence of oil, due to its nature, minimizes
friction, facilitating the smoother flow of the polymer solution through the parmda. These
factors reduce the magnitudestfear thickening, ultimately enhancing the polysw@utiorts

injectivity through the porous mediufiMasalmetet al,, 2019)

Table 5.6: Summary of injectivity during polymer injection with different makeup water
salinities

Polymer Injectivity Behaviour

Makeup

Water Single-Phase Experiments Two-PhaseExperiments

Salinity lo Io nioctivit lo lo mioctivi

(Ppm) | (iyd) | (fd) | I | o | (U | (udy |y |
(psi/ft) | (psilft) (psi/ft) | (psi/ft)

167,114 8.49 0.95 0.11 0.89 4.81 0.58 0.12 0.88
42,507 9.85 1.09 0.11 0.89 5.33 0.52 0.10 0.90

33,423 10.85 0.74 0.07 0.93 5.25 0.57 0.11 0.89
16,711 12.83 0.82 0.06 0.94 5.45 0.68 0.13 0.87
8,356 13.56 0.77 0.06 0.94 5.50 0.70 0.13 0.87

1,701 9.17 0.47 0.05 0.95 5.47 0.33 0.06 0.94
425 8.34 0.19 0.02 0.98 5.90 0.29 0.05 0.95

In addition, it isworth mentioning that in all the cases (@F CF15), there was no
unsteady pressure builp, indicating that the observed retention was mainly due to
adsorption. The latter is supportedfigure 5.23, which shows the pressure drop profiles for
CF9to CF15.
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Figure 5.23: Pressure drop profile during brine pre-flush, polymer injection, and brine post
flush at a flow rate of 0.5 cc/min for CF9 to CF-15.

5.3.2.4Effect of Salinity on Residual Resistance Factor, Permeability Reduction, and
Adsorbed Layer Thicknessin the Presenceof Oil

In the presence of oil, the RRF varies between 2.12 and 2.56 for high salinity brines, while it
reduces and ranges from 1.77 to 1.88 for lower salinities. The RRF values for high salinity
brines (16,711 to 167,114 ppm) without oil (2.76 to 3.00) and wli{24.2 to 2.56) showed a
decreasing trend, indicating lower dynamic polymer retention in the cores @nflitions
(Figures 5.17 and5.18), similar observation was noted in the literat(hdfazaziet al, 2021)
Similarly, for low salinity brines (425 to 8,356 ppm), the RRF values for theptvase
condition(1.77 to 1.88) were also lower than those foisihgle phase conditiof1.87 to 1.91).

The findings are further supported by the calculated adsorption layer thickness for all cases as
depicted irFigures5.24 and5.25. It is worth noting that the polymer adsorption layer thickness

is reduced in the cilvet cores due to lower polymer retention observed in these cores.
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Figure 5.25: Summary of polymer adsorption thickness due to polymer retentioin seavater

and its dilutions.

5.3.3Proposed Desalination Methods for Targeted Dilutions

The study conclusively determined that a salinity level below 10,000 ppm is crucial for
achieving a marked decrease in dynamic polymer retention. Among the various brine recipes
tested, SW3 emerged as the most effectivdhichis the100 timediluted seawatefTo attain

this specific dilution, one can employ the reverse osmosis method, a piesgenenembrane
processReverse osmosis filter out batmonovalentand divalenionsand yieldsfresh water
thatcan be utilized talilute seawater tachieve he targeted degree of dilutioNdir et al,

2016)
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5.4 Highlights of the Chapter

In this study, the effects of low salinity on polymiersitu viscosity and retention were

investigated in the presence and absence of oil thoroughly using a fetcofeflooding

experiments. The study included both sirgllease and twphase experiments, leading to

several significant findings as follows:

T

l

The study found that polymer retention levels were significantly reduced when diluted
brines were used, as opposed to high salinity formation water or seawater. While
working on polymer injection in the presence of oilvésnoted that the presence of

oil in aged cores further reduced polymer retention, emphasizing the importance of
using wettabilityrestored cores to obtain accurate retention values.

The study also observed that the polymer retention was mainly due to adsorption of
polymer for all types of brines used since the residual resistance factor (RRF) was less
than 3, and there were no undesired pressure peaks during and after polymen.injectio
An important benefit of using makeup brine dilution is the increase in the resistance
factor, which is due to thpolymeiGs higher viscosity; however, the resultant loss in
injectivity needs to be carefully monitored. This study shows thatskdumity brine is
beneficialfor polymer flooding and can effectively be used in carbonate reservoirs.
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CHAPTER 6: EFFECT OF VARYING IONIC COMPOSITIONS ON
POLYMER ADSORPTION IN STATIC AND DYNAMIC
CONDITIONS

Chapter 6 delves into the effects of different ionic compositions on polymer adsorption,
specifically focusing orC&*, Mg?*, and SOs* ions. This chapteexplores brines of varying
hardness levels. Additionally, a sulfapikedbrine compositionwas analyzed to determine

the impact of sulfate on polymer adsorption. Initial experiments involved static adsorption
studies in a single phadeater, b obtain a comprehensive understanding of retention values,
dynamic retention experiments were conducdietoth the presence and abseoteil. The

chapter also assesses haavyingionic compositions influence the-situ rheology

6.1 Experimental Overview

The core plugs and polymer solutions were characterized and prepared using the methods
described irChapter 3. Diluted and softeneldrinesof representative seawater of Middle East
fields were investigated in thishapter The compositions of thdéive brines usedwere
previouslylisted in Table 3.3 The first brine is S\, whichwas5-times diluted seawater
(8,502 ppm). This brinerasconsidered as the base case due to the promising results obtained
from initial screeningFigure 4.4); hence, it was decided to further improve its performance
through varying the ionic compositioRour additional brinesvere used wittthe same total
dissolvedsalt level of SW1 (8,502 ppm)but they differ in theirionic compositions Table
3.9.

Initially, static adsorption experiments were conductedrushedock powder to study
the adsorption behavior of polymer prepared in brines of varying compositionsFurther,
dynamic retention experimenitscluding five singlephase, andive two-phase coreflooding
experiments were performead get more representatiywlymer retentiorvalues The core
plugs were saturated with respective brines, and experiments were performed at a temperature
of 25°C for the singlephase retention studies. For tpbaseexperimentsthe core samples
saturated with respective brine were flooded by oil to initial water saturatignc(®dition
and aged at 98C for 14 dgs to institute wettability. After aging, glycerbtine mixturewas
injected into the core samples to displace oil and achieve the true residual oil saturation. Then,
glycerol was flushed thoroughly with respective brine before the polymer injection. Using

glycerol during the forced imbibition phase prevents oil maéiion during polymer injection,
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resulting in more precise and accurate measurements of potgtestion The polymer
retentionstudies include brine piitush, polymer injection, and brine peftish at a constant
flow rate of 0.5 cc/minTables 6.1 and6.2 provide an overview of the outcrop properiesl

experimental conditions.

Table 6.1 Petrophysical properties of core samples and experimental conditions applied for
single-phasecoreflooding experiments

Core ID (Single-phase Tests) CF-16 CF-17 | CF-18 | CF-19 | CF-20
Connate Water/ Injection Wate] 8,502 8,502 8,502 8,502 8,502

Salinity, TDS (ppm) SW-1 | SW-1A | SW-1B | SW-1C | SW-1D
Polymer Concentration (ppm) 1000
Length (cm) 7.45 7.50 7.50 7.60 7.60
Diameter (cm) 3.80 3.80 3.80 3.80 3.75
Porosity (%) 15 21 18 22 20
Absolute Brine Permeability
(mD) 225 203 226 205 202
Temperature®C) 25
Confining Pressurepgi) 1200
Baclkpressure [§si) 100
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Table 6.2 Petrophysicalproperties of core samples and experimental conditions applied for
two-phase coreflooding experiments

Core ID (Two-phase Tests) CF-21 CF-22 | CF-23 | CF-24 | CF-25
Connate Water/ Injection Wate| 8,502 8,502 8,502 8,502 8,502
Salinity, TDS (ppm) SW-1 SW-1A | SW-1B | SW-1C | SW-1D
Polymer Concentration (ppm) 1000
Length (cm) 7.58 7.47 7.62 7.30 7.47
Diameter (cm) 3.8 3.8 3.8 3.8 3.8
Porosity (%) 20 20 20 19 20
Absolute Brine Permeability (mLC| 280 277 239 248 281
Sui (%) 32 33 32 33 32
Sor (%) 37 37 37 36 34
Temperature®C) 25
Confining Pressureaéi) 1200
Backpressure [§si) 100

6.2 Static Adsorption Studies

This section investigates the effects of briwék varying ionic compositionsn staticpolymer

adsorption at ambient (2&) conditions following the protocol discussedGhapter 3.

6.2.1Effect of Varying lonic Compositions (C&*, Mg?*, SQ:%) on Static Polymer
Adsorption

Static polymer adsorption valsien variedbrine composition in singiphaseconditions are
reported inFigure 6.1 The highest polymer adsorption walsservedn SW-1 (425 ppm of
Ca" + Mg?* and 660 ppm 08Qs%) with an adsorption value of 1Q&y/g-rock. Further, the
polymer adsorption values for SYA (317 ppm of Mg*and 660 ppm o80s%), SW-1B (108
ppm of C&" and 660 ppm 08Q:*), SW-1C (0 ppm of C&" + Mg?* and 660 ppm 080Qs%),

and SW1D (425 ppm of C& + Mg?" and 1,320 ppm adQ:?) were 62, 51, 37, and G&)/g-
rock, respectively.It is evident that the brines SWA, SW-1B, SWI1C, with lower
concentratiorof hardness (Caand Md*) exhibited reduced polymer adsorption compared to
SW-1 with highest amount of hardness ¢Cand Mg*). Notably, SW1C, which iscompletely
devoid of hardness, recorded the lowest adsorption at 37pclga significant decrease from
the 102 pg/gock observed in SWL. This decrease in polymer adsorption for softened brines

is likely due to the polymer molecular chain expanding in the absence of divalent ions.

117



Consequently, fewer polymer molecules are needed to occupy the available adsorption sites
(AlSofi et al, 2018) Figure 6.1 depicts theinverserelationshipbetweenadsorption and
polymer solution viscosity.

Additionally, the SW-1D compositionspikedwith sulfate, demonstrated a decline in
polymer adsorption66 pg/grock) when compared with SW (102 pg/grock). Yet, its
adsorption value wasomparabldo that of SW-1A (62 pg/grock). This reduction can bdue
totheslight swelling of the polymer molecular chamainly becausef the high sulfate content
thatreduces the hardness effect caused bylitredent cationgind lowers theshielding of the
anionic backbone of the polymehain(Tahiretal., 2020) The error bars depicted Kigure
6.1 for polymer adsorption valuewere derived from the standard deviation of three

experimental repetitions.
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Figure 6.1: Effect of varying ion compositions on polymer adsorption in static singlphase
condition at 25°C.

6.3 Dynamic Retention Studies

This section discusses the results obtained for polymer dynamic retention experiments as a
result of injecting brines with varying ionic composition. The experiments include five single
phaseand five two-phase coreflooding experiments get more representative polymer

retention values
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6.3.1Effect of Varying lonic Compositions (C&*, Mg?*, SQ) on Dynamic
Polymer Retention in the Absence and Presence of Oil
The dynamic polymer retentioin singlephase was studied withive polymer flooding
experiments. Thdynamic retention values obtained were 42, 44334and44 pg/g-rock for
CF16, CF17, CF18, CF19, and CF20, respectively Figure 6.2). The retention values
indicate that the polymer retention was the lowest ifl8Bnd CF19tests (34 and 33 ug/g
rock). These tests were performed in low hardii€s&" and Md*) brines, i.e, SW-1B (108
ppm C&") and SW1C (0 ppm C&* and Md¢"). On the other hand, the adsorption values for
CF16 and CF17were found to be higher of 42 and 44 gégk, respectively. The latter tests
were conducted in SW and SW1A brines with higher respective hardness values*(@ad
Mg?*) of 425 and 317 ppmiespectively These adsorption results show a significant reduction
in polymer adsorption with reducing the hardness valueg*(@d Mdg*) in brine to
approximately 100 pprmAt low hardness levelpolymer molecular chain expandsghich is
substantiated by higher viscosities of polymer solution in these brineslE5\dhd SW1C)
(Figure 6.2). This resultsin fewer molecules required for satisfying the adsorption sites.
Moreover, in CF20 with SW1D brine, the polymer adsorption value wagugég-rock, which
was comparable t6F16 (42 pg/grock) and CF17 (44ug/grock) indicating that spiking of

sulfatedid not reduce polymer adsorption.
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Figure 6.2: Effect of varying ion compositionson dynamic polymer retention in the presence

and absence of oil at 28C.

In two-phase studies, the polymer retention values measured for t24 ©FCF25
were 26, 23, 2@Q0,and 5 ¢ g +fogk, respectivelyFigure 6.2). The polymer retention in the
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presence of oil was less compared to retention values in the absencd®f 44,(3433,and

44 ug/grock, respectively)The cause of these low adsorption valisedue to the oHwet

nature of the core (2 weeks of aging) and the presence of oil, which significantly reduced the
surface area available for the polymer molecules to get ads@kadgect al, 2020; Alfazazi

et al, 2021; Wangetal., 2021)

It is important to mention that the concentration of the polymer was measured
differently for singlephase and twphase experiments. UVis spectroscopy was used for
singlephase experiments, where the concentration was determined by correlating it to the
absorbance valuélso, by applying the theory of propagation of error an uncertainty of
pg/grock was observedT@ble 5.3. For twophase experiments, the T method was
used, and a calibration curve of total nitrogen versus concentration wesl itotdetermine
the effluent polymer concentration by measuring the total nitrogen in the effluéimt case
an uncertainty ot 3 pg/g-rock was determinedT@ble 5.5. Figure 6.3 shows a typical

normalized effluent polymer concentration profile.
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Figure 6.3: Typical normalized effluent polymer concentration profile (CF16) at 25°C.

6.3.2Effect of Varying lonic Compositions (C&*, Mg?*, SQ:?) on In-Situ Rheology
in the Absence and Presence of Oll
The resistance and residual resistance factors e#calated at a flow rate of 0.5 cc/min in
both singlephase and twphase experimentsr brines with varying ionic compositioffhe
resistance factor directly depends on the apparent viscosity of polymer solution in the porous

media in case of 100% brine saturated cqFégures 6.4 and6.5). Figure 6.5 presents the
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bulk viscosity, alongside the-situ viscosityin both the absence and preseateil, for the
polymer solution across all examined brine compositions at a flow velocityl6fft/d (0.5
cc/min). The observed Hsitu viscosityin the absence of o#urpassed the bulk viscosity,
indicating a pronounced shear thickening behawitso, the flow rate (0.5 cc/min) considered

in the study was expected to fall within the flow regime associated with shear thickening
behavior(Alfazaziet al, 2021) Notably, the shear thickening behavior is more pronounced in
SW-1B and SWI1C. This can be attributed to the observation that a reduction in brine &rdnes
promptsa highshear thickeningt a flow rate of 0.5 cc/mjrresulting in elevated isitu
viscosities under these conditigfidgure 6.5 and consequently high RFigure 6.4).
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Figure 6.4 Effect of varying ion compositionson RF in the absencand presenceof oil.

In addition in the twophase experiments, the-situ viscosity consistently surpassed
the bulk viscosity across adicenariogFigure 65), pointing to a distinct shear thickening
behavior However, insitu viscosity in the presence of toF SW-1, SW-1A, SW-1B, SW1C,
and SW1D were 7.48, 7.59, 8.94, 9.19, and 9.@$pectivelyindicating less variatianThis
wasreflected in the RF vaks 18.15, 17.69, 20.91, 17.@8d 21.36respectivelyFigure 6.4).

RF and insitu viscosity values implyhat in the presence of oil even though the shear
thickening behavior isbservedthe magnitude of shear thickening is Jeswd hence, it results

in lower RF compared to that of a singiagle phase experimer(Skaugeet al, 2018; Song

et al, 2022)
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Figure 6.5:; Effect of varying ion compositionson in-situ viscosity and bulk viscosity at 0.5
cc/min (~ 10 ft/d) and 25°C.

As was previously mentioneahjectivity loss in polymer flooding refers émincreased
resistance to flow gbolymer solutionsn thereservoir This isdue to the polymer molecules
blocking the pore spacé&cause ointeractions between the polymer and the reservoir rock.
Such a loss caaffect the efficiency of enhanced oil recovery operations using polymer
flooding. Table 6.3 details the injectivity lossn singlephase and twphasecoreflooding
experimentsising the brines with varying ionic compositiofrssinglephase experimentshe
polymer injectivity lossexceededhe acceptable range of €09 (Han et al, 2012) This
elevated injectivity loss is primarily attributed to the highsitu viscosity observed
consistently across tests. A notable factor in this regard is the consistent us@@@@pm
polymer concentration for all brine compositions. This was chosen to investigate the impact of
varying ionic compositions on polymer performance, but in turn, influenced the resulting
viscosities for each brine compositidttowever it is worth noting that even with thiscreased
viscosity and reduced injectivitygigure 6.6 shows a steady differential pressure during
polymer injection, suggesting no pore plugging arise from the viscosity increhnenkatter
figure describes the pressure differentiabfes for the stages of brine preflush, polymer
injection, and brine postush for all experimentsvith varying brine composition under both
presence and absence of oll

In two-phase experiments injectivity loss walightly reducedcompared to thsingle

phase experimentbut still exceeding the acceptable range of0.% The injectivity loss in
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two-phase conditions is less than in singlease, primarily due to the smoother flow of the
polymer solution through porous media. For polymer flooding with S\8W1A, and SW

1D, the insitu viscosity is greater in the presence of oil compared to sesnak. This would
typically suggest a greater injectivity loss in the presence of oil, but observations indicated
otherwise. A key factor behind the smoother flow of the polymer solution is its reduced
polymerretention when oil was presgfitigure 6.2). Conversely, for SALB and SWL1C, the

in-situ viscosity is lower in the presence of oil compared to its absence. Coupled with decreased
polymer retention when oil is present, this leads to reduced injectivity loss in the absence of oil
for both scenario@Masalmeret al., 2019)

Table 6.3: Summary of injectivity loss during polymer injection for brines with varying ionic
compositionin the absence and presence of oll

Polymer Injectivity | Polymer Injectivity
Brine Type Loss Loss
Single-Phase Two-Phase

SW-1 0.96 0.94
SW-1A 0.96 0.94
SW-1B 0.97 0.95
SW-1C 0.98 0.94
SW-1D 0.96 0.95
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Figure 6.6: Pressure drop profile during brine pre-flush, polymer injection, and brine postflush
at a flow rate of 0.5 cc/min for CF16to CF-25.
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6.3.3Effect of Varying lonic Compositions (C&*, Mg?*, SQ?) on Residual
Resistance Factor and Polymer Adsorption Layer Thickness in the Absence
and Presenceof Oil

The residual resistance factor (RRF) indicates the permeability reduction due to the adsorbed
layer of polymer onto the pore wallsigure 6.7 shows adsorbed polymer layer thickness for

all coreflooding experimentsith varying brine ionic composition in the absence and presence

of oil. In the absence of oil, the adsorbed polymer layer thickness was less for coreflooding
experiment with SWWLC brine (0 ppm of G4 + Mg?*) indicating less permeability reduction
happened.This is also reflectedy the low RRF(3.35) for SW1C. Also, in twephase
coreflooding experimentthe adsorbed polymer layer thickness is less compared to the single
phase experimentgdicating low permeability reduction in eitet coresConsequently his

implies low polymer adsption. Therefore, thgpermeability reduction indicated bgw RRF

are in agreement with adsorption valobserved irFigure 6.2 for all cases.
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Figure 6.7: Summary of Residual Resistance Factor (RRF) and polymer adsorption layer

thickness for all experimentswith varying brine ionic composition.

6.3.4Possible Desalination Methods for the Proposed Brine Compositions

Among the various brine compositions analyzed,-SVand SW1C outperformed the other
brine recipesBoth brinesshowed a reduced dynamic retentodt34 and 33 pg/gock without

oil, respectivelyand 20 pg/grock with oil for each. A recommended desalination approach is
to first dilute seawaterfive-times using the fresh water from reverse osmosis permeate.

Subsequently, this diluted seawater should be processed through a nanofiltration unit to remove
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Ca*, Mg?*, and S@ ions The resulting nanofiltratiopermeategan then be supplemented
with precise amounts oéquired ion$o reach the desired brine compaosition.
Neverthelessproducing thesspecific compositions on a fielktale poses substantial
challenges compared to simpler dilutions. Additionalyapter 5 highlighted that a brine
composition resulting from diluting seawater dies (SW3), resulting ina salinity of 425
ppm, demonstrated even lower dynamic retention vadti@g pg/grock without oil and 14
pa/grock with oil. Given its practicality for largescale applications, brine compositiaith
100timesdiluted seawater (S\WWB) seems more favorabl&herefore, @irther researchising

this brinecomposition is recommended.

6.4 Highlights of the Chapter
1 TheATBS-basedbolymer showed a positive result with the softened brines in terms of

viscosity increase (by 1. 5-rotkintheabgencaofd r et
oi |l a n drocRi® theepgegece of oil), which can significantly reduce polymer
consumption.

1 Lower polymer retention was observed in the presence of oil in aged cores compared
to 100% watessaturated cores, concluding that a better representation of polymer
adsorptionwasobtained in wettabilityalteredcores.

1 Experiments using softened brine showed a lower residual resistance factor (RRF),
which confirmed the lower polymer retention and indicated less permeability reduction.

1 The highest resistance factor was observed in the brine with zero hardness. This is due
to the direct proportionality of the resi

1 The resistance factor was lower in the presence of oil due to the improved polymer

injectivity in the wettabilityaltered cores.
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CHAPTER 7: EFFECT OF TEMPERATURE ON POLYMER
ADSORPTION IN STATIC AND DYNAMIC CONDITIONS

Chapter 7 examines the influence @émperatureon polymer adsorption, usinfgrmation

water representative ahiddle eastern reservoirs, and #0es diluted seawater (S\3),

which showed promising results in terms of enhanced polymer solution viscosity and reduced
dynamic polymer retentiomnitially, static adsorption studies in singdase were conducted.
Further dynamic retention studies were performed in the absence and presenceoof oil
investigatemorerepresentative retention values. Moreover, the impatgroperaturen in-

siturheologywasstudied.

7.1 Experimental Overview

Using the methodologies outlined @hapter 3, the core plugs and polymer solutions were
prepared and characterized. Static adsorption tests were conducted at various temperatures (25,
40, 60, 80, and 9C) under singlgohase conditions. To accurately measure polymer retention,

12 dynamic retention experiments were executed: 8 in spigise (without oil) across two

salinity levels (167,114 ppm and 425 ppm) and at temperatures of 40, 60, 80,°@ncu®d 4

in two-phase conditions (with oil) across tharge two salinitiesbut only at 60 and 9¢C.

These findings were then compared with the data from ambient temperature studies (25
°C) reportedn Chapter 5. The properties and experimental parameters of the utilized outcrops
are detailed inTables 7.1and 7.2 Due to high temperature conditignaxygen control
measures were taken fitie polymer solutions. Thepelymer solutionsinderwent vacuuming
andbubbled with nitrogen to remove agsubsequentlyfilled into accumulator thatvaspre-
flushed with nitrogen to remove oxygen. Oxygen scaver&fFgpm Sodium Thiourea) was
added to remove any remaining oxygen and act as a buffer for residual oxygen from other

sources.
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Table 7.1: Petrophysical properties of core samples and experimental conditions applied for
elevated temperatures irsingle-phase coreflooding experiments

_ corelD CF-26 | CF-27 | CF-28 | CF29 | CF-30 | CF-31 | CF-32 | CF-33
(Single-phase Tests)
Connate Water/ Injectiorn 167,114 425
Water Salinity, TDS
’ FW SW‘3
(PPm)
Polymer Concentration 1000
(ppm)
Length (cm) 7.34 7.23 7.30 6.97 6.20 6.10 6.30 7.70
Diameter (cm) 3.80 3.80 3.80 3.76 3.80 3.81 3.80 3.80
Porosity (%) 17 18 17 18 18 19 18 19
Absolute Brine 250 238 216 208 205 207 223 210
Permeability (mD)
Temperature®C) 40 60 80 90 40 60 80 90
Confining Pressurepéi) 1200
Backpressure gsi) 100

Table 7.2: Petrophysical properties of core samples and experimental conditions applied for
elevated temperatures inwo-phase coreflooding experiments

Baclkpressure [§si)

Core ID (Two-phase Tests) CF-34 CF-35 CF-36 CF-37
Connate Water/ Injection Watg 167,114 425
Salinity, TDS (ppm) FW SW-3
Polymer Concentration (ppm) 1000
Length (cm) 6.46 6.23 6.93 6.38
Diameter (cm) 3.80 3.80 3.80 3.80
Porosity (%) 17 17 18 19
Absolute Brine Permeability 200 287 279 271
(mD)
Sui (%) 35 36 36 39
Sor (%) 38 38 37 36
Temperature°C) 60 90 60 90
Confining Pressureéi) 1200
100
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7.2 Static Adsorption Studies

Following the procedure outlined @hapter 3, static adsorption experiments were conducted
in singlephaseo assess the impactt@mperature on polymer adsorption.

7.2.1Effect of Temperature on Static Polymer Adsorption

BET surface area of crushed core samples use.73 m?/g for experiments conducted at
varying temperature@5, 40, 60, 80, and HC) with high salinityformation wate (167,114
ppm). Neverthelesdpr low salinity brine (425 ppm) the experiments/erecarried out at the
same range of temperaturbsitwith sampleBET surface area of 1.33%qg.

Figure 7.1 provides a clear insight into the influence of temperature on the static
adsorption othe polymersolutiors, when analyzing the polymer solutions in both high and
low salinity brines. For the polymer solution with high saliniit67,114 ppm)there is a
noticeable decrease in static polymer adsorption witintireasen temperature. At 25C, the
adsorption stands at 250 pgfack, which drops down to 100 pgrgck by the time the
temperature reaches 9Q. This represents a substantial reduction of approximately 60% in
adsorption values from the starting temperature. Similarly, for the polymer solution in low
salinity (425 ppm) the decline trend continues, though the starting value is lower at 54 pg/g
rock at 25°C and concludes at 25 pgdgk at 90°C.

The underlying reason for this observed trend can be attributed tmechanisnone
is the reduced hydrodynamic size of the polyswution(Samantat al, 2010; Sandengest
al., 2017)at high temperature due to decreased brine viscagitigh increases the polymer
adsorption as greatemumber of polymer molecules are requireds&isfy the adsorption
sites. Andthe secongphenomena is thehanges in kinetic energy of polymer molecules with
temperature. As temperatunereasesthe kinetic energy of polymer molecules increases. This
enhanced kinetic energy causes the polymer molecules to move at a faster pace. With increased
movement, the average distance between the polymer moletigdess As a result, the
electrostatic force of attraction, which is cruciahgheringpolymers to rok surfaces, becomes
weaker due to the increased distance. The weakening of this force translates to reduced polymer
adsorption onto the rock surfacds. principle, the increased kinetic energy at elevated
temperatures results in the polymer molecules moving more swiftly and energetically, thereby
diminishing their binding or adsorption potential on the ro(&abhapondiet al, 2004,

Wi Sni e ws; Mansoori2ttall, 2023) Considering the above taghenomenait seems
that in static adsorption the reduced adsorption due to weaker intermolecular forces is
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prominent resulting in a decreasing trend of polymer adsorption with increasing temgeratu

This behavior is consistent for both high and low salinity polymer solutidms adsorption

values for low salinity polymewereless compared to the high salinity polymer despite having

higher BET surface ardar the crushed rock sample used for low salinity polymer adsorption

studies(1.33 nf/g). This suggests that while salinity can affect polymer adsorption, the trend

of decreasing adsorption withcreasingemperature remains consistent.
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Figure 7.1: Effect of temperature on static polymer adsorption in high salinity and low salinity

brine conditions.

7.3 Dynamic Retention Studies

Following the procedure outlined @hapter 3, dynamic retention studies were condudted

both the absence and presence ofabivarying temperaturet® determine representative
retention values. Additionally, the effects of temperature on the resistance factor and residual
resistance factor were examinddhe results were then compared with te&ntion value at

25°C presented i€@hapter 5.

7.3.1Effect of Temperature on Dynamic Polymer Retention in the Absence and
Presence of Oil

The dynamic polymer retention observed in polymer solutions of(higjh 114 ppmand low

salinities(425 ppn), across different temperaturgs, 40, 60, 80, and HT) in the absence

and presence of odre presented iRigures 7.2and 7.3, respectively In the absence of oll

(Figure 7.2), the retention rates for the high salinity solution Ws8,53, 45, 45, and46 ug/g-

rock at 25, 40, 60, 80, and 9C, respectively Similarly, for the low salinity solution without
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oil, thedynamic retention valuesere24 pg/grock for both 25°C and 40°C, 20 pgdgck at
60°C, and 19 and 20 pghgck at 80°C and 90°Cespectively Furthermore, using the error
propagation theory, an uncertainty of £ 5 pgdgk was notedTable 5.3. This suggests a
relatively similar retentionvaluesin oil-free conditions for both salinities.

On the other hand, lven oil was introducedFigure 7.3), the high salinity solution
showed retention levels @6, 21, and23 pg/g-rock at 25, 60, and R, respectively While
the low salinity solution in the presence of oil yielded 14, 13, and 12-maglgat the
aforementioned temperaturesspectivelyln this casean uncertainty of £ 3 pugfgock was
identified(Table 5.5. Notably, the tren@lsoindicates that dynamic retentioemains largely
unaffected by temperature variatidiashidietal., 2011) which isconsistent withtheresults

presentedh singlephase conditions
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Figure 7.2: Effect of temperature on dynamic polymer retention in the absence of oil
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Figure 7.3: Effect of temperature on dynamic polymer retention in thgresenceof oil.
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The ATBSbased polymer under consideration shewcommendable stability at
elevatedtemperatures. This stability prevents the occurrence of precipitation, ensuring that
retention levels remain relatively consistent as the temperature es¢blapesset al, 2017,
Alfazazi et al., 2018; duenne 2020) However, it is noteworthy that despite the absence of
chain degradation, there is a distinct reductionigtosity as temperature increaséhis is
due to a conformational alteration in the polymer which results in a more coiled structure,
reducing its hydrodynamic siZ&amantaet al, 2010; Sandengeet al, 2017) This newly
adopted configuration requires larger polymer molecules to satisfy the adsorption sites,
potentially amplifying retentionConversely, the elevation in temperature weakens the
intermolecular forces binding the polymer to the adsorbent, which could lead to a decline in
retention(Sabhapondiet al, 2004; Sazalet al, 2019. This contrastj.e., a change in the
pol ymer 6s c o thé weakeming of dindin@g fordegposes opposing effects. In
dynamic coreflooding experiments, which are characterized by a relatimallersurface area
compared to static studiethese competing factors seem to counterbalance each other. As a
result, the experiments dawt reflect a drastic influence of temperature on polymer retention.

7.3.2Effect of Temperature onIn-Situ Rheology in the Absence and Presence of

Oll
The resistance factor (RF) across various salinities and temperatures for all coreflooding
experiment§CF261 CF37), both in the presence and absence adr@lillustrated irFigure
7.4.In singlephase coreflooding experiments conducted with polymer solution in high salinity,
the resistance factor (RF) exhibited values of 9.00, 8.59, 6.92, 6.67, and 6.69 at temperatures
of 25, 40, 60, 80, and 9, respectively. This suggests that temperature Hadsinfluence
on the resistance factor under high salinonditions. Conversely, during low salinity polymer
flooding experiments, a clear temperatdependent trend emergddF values decreased as
temperature increased, yielding values of 43.02, 35.38, 30.82, 29.91, and 24.80 for
temperatures of 25, 40, 60, 80, and 90°C, respectively.
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Figure 7.4: Effect of temperature on RF across various salinities in the absence and presence of
oil.

Figures 4.8and4.9from Chapter 4 illustrate a congruent temperattadgven change
in the viscosities of both the polymer solution and the brine. Given this parallel behavior, one
might expect RF to remagonsistenaicross varying temperatures. Howewaeduction in RF
values at higher temperatuyesirticularlyfor the low salinity polymer floodingvasobserved
This can be attributed to the variances in kanklin-situ viscosity, given that the resistance
factor is dependent on-gitu viscosity Figure 7.5underscores that the-situ viscosity of the
polymer solution in low salinity (425 ppm) brineduceswith increasing temperatures, a trend
mirrored in its RF during singlphase experiments. The underlying mechanism for this
behavior ishat noshear thickeningvasobserved at elevated temperatumefiow rate of 0.5
cc/min(Heemskerlet al, 1984; Qiet al, 2018) Interestingly, this pattern was absent in high
salinity experimentsndicating thatshear thickeningghenomenavas not observed fdrigh
salinity conditionsacross the varying temperatuasa flow rate of 0.5 cc/mi(Skaugeet al,
2018) This resultsin negligible alterations between bulk andsitu viscosity across the
temperaturegAl-Shakryet al, 2018) which is supported iRigure 7.5
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Figure 7.5: Effect of temperature on insitu viscosity across various salinities in the absence of

oil.

In two-phasecoreflooding experimentsigh salinity conditions at temperatures of 25,
60, and 90 °C yielded resistance factor (RF) values of 8.31, 5.12, andrespéctively
Meanwhile, under low salinity polymer flooding conditions (425 ppm), the RF valees
20.22, 20.63, and 22.40 for the same respective temperatures. Notably, temperature exhibited
a minimal influence on the RF his is becaus@-situ viscositywas almost similar tthe bulk
viscosity in both salinity scenarigBigure 7.6) asshear thickenindgpehaviorwas less due to
theoil presenceln addition it was already discuss&uChapter 4 (Figures 4.8and4.9) that
as temperature increasélereduction inviscosities of both the polymer solution and brine
parallels leading to a consistent RF across varying temperatarése absence of shear
thickeningbehavior
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Figure 7.6: Effect of temperature on in-situ viscosity across various salinities in thpresence of

oil.

FromTable 7.3 it is evident that injectivity loss within theacceptable limibf 0.5-
0.9 for polymer flooding with high salinity brine (167,114 ppm) across various temperatures
and in the presence and absence oHmlvever, high injectivity loss wasservedor polymer
flooding with low salinity (425 ppm) (> 0.9particularly in the singkphase experiment3his
is due tothe use of same polymer concentrati(l)i000 ppm)for both salinity ranges, for
studying the effect of various other paramgten dynamic polymer retention. However, from
the pressure drop profiled=igure 7.7), it is evident that therds no injectivity issues
encountered with low salinity polymer floodin@ne can also observe the improvement in
polymer injectivity with increasing temperature in general, particularly for the high salinity
water and in the presence of oil, which is mainly due to the lubrication effect of oil on the

polymer solution as well ake less pronounced shehickening effect.
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Table 7.3: Summary of injectivity loss during polymer injection across various temperatures

Brine Salinity Temperature Polyme[ Injectivity Polymer Injectivity
(ppm) (°C) __Loss Loss
Single-Phase Two-Phase
25 0.89 0.88
40 0.88 -
167114 60 0.86 0.80
80 0.85 -
90 0.85 0.78
25 0.98 0.95
40 0.97 -
425 60 0.97 0.95
80 0.97 -
90 0.96 0.96
8 -
@ 9]
22
84
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S 21
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£ 0 : . !
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Injected Pore Volumes (PVs)
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Figure 7.7: Differential pressure drop profiles for CF-261 CF-37.

7.3.3Effect of Temperature on Residual Resistance Factor and Polymer
Adsorption Layer Thickness in the Absence and Presence of Oil

Residual Resistance Factor is a measure of the change in permeability of the reservoir due to
polymer reéntion during polymer flooding operatiofsgures 78 and7 .9 illustrate consistent

RRF valuesand polymer adsorption layer thicknemsross different temperatures for both
salinity levels.In singlephase coreflooding experiment®RF for high salinity polymer
flooding for various temperatur2s, 40, 60, 80, and 9C were 3, 32.52,2.56,and 2.56,
respectively(Figure 7.8). Moreover for low salinity polymer floodingthe RRFvaluesfor the
sametemperature ange were 1.87, 1.64, 1.58, 1.54, and 1réspectively(Figure 7.8).
Furthermorethe polymer adsorption layer thicknessiged betweef.85- 0.63 pmand 0.46
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- 0.29 pm for high salinity and low salinity polymerflooding, respectivelyacross the

aforementioned temperatures
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Figure 7.8: Summary of RRF and polymer adsorption layer thickness across various

temperature in the absence of oil.

In two-phasecoreflooding experimentshe RRF for high salinitypolymer flooding
were 2.56, 2.28, and 2.3fbr temperatures 25, 60, and @) respectivelyMoreover, for low
salinity polymer floodingthe RRFwere 1.77, 1.47and 1.45 respectivelyfor the above
mentioned temperatureBhe polymer adsorption layer thicknegas0.67, 0.69and0.69 pum
for high salinity polymer floodingand 0.45, 0.32and 0.30 pum for low salinity polymer

flooding at temperature conditions for 25, 60, and®@0espectively.
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Figure 7.9: Summary of RRF and polymer adsorption layer thickness across various

temperaturesin the presence of oil.

In general, the findings showcansistent RRR&nd polymer adsorptidayer thickness
across different temperatur@s the absence and presence of dihis suggests that the
polymeiGs impact on thereservoits permeability remains relatively uniform throughout the
temperature range studiethis consistency supports the observation that dynamic retention
remained largely unchanged throughout the studied temperature range.

7.4 Highlights of the Chapter

Thischapteiinvestigated the proposed low salinity polymer flooding in representative reservoir
conditions of high temperature along withe effect of temperature variation opolymer

retention.The main findings can be summarized as follows:

9 Static polymer adsorptioshoweda decreasing trend with increasing temperature.
However, dynamic polymer retention was consistent across the considered temperature
range (25 90°C) for both single and twephase studies

1 The findings regarding dynamic polymer retention results were substantiated by
comparable residual resistarfaetorsacross varying temperatures.
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1 Higher temperatures have sholesspolymershear thickening behavicespecially in
the presence of oil, which further improved polymer injectivity

1 Overall, the studyconcludes that low salinity polymer flooding can reduce polymer
retention to as low as 12 pgrgck in the oitwet conditions at representative reservoir

conditions.
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CHAPTER 8: DEVELOPMENT OF CORRELATION FOR
DYNAMIC RETENTION USING MACHINE LEARNING

Chapter 8 focuses on establishing a correlation to predict dynamic retention based on static
adsorption experimental dat&tatic adsorption experiments were conducted, maintaining
identical experimental conditions to those of dynamic retention. A subsequent analysis was
then undertaken to understand the relationship between static adsorption and dynamic
retention. For a more caurate prediction of dynamic retention, additional influencing
parameters, such agerageorethroatsize, total salinity, hardness, rasad oil saturation, and
temperature, were also considered. The prediction of dynamic retention from static adsorption
and these influencing factors was achieved using variousbassd machirkearning
algorithms. Ultimately, symbolic regression was employed to derive an explicit correlation
equation, which captures the relationship between dynamic retention and its influencing

parameters.

8.1 Experimental Materials

The crushed rock powdesnd polymer solutions were characterized and prepared using the
methods described i@hapter 3. All the brines with varying salinitiesT@bles 3.1 and3.2)
discussed irfChapter 5 and brines with varying ionic compositioriBaple 3.3 discussed in
Chapter 6 were used for preparing polymer solutemdconducting static adsorption studies.

A total of 36 static adsorption experiments were conducted by varying salinities, ionic
compositions, and temperature§hese static adsorption experiments hasienilar
experimentatonditions tathat of dynamic retention experiments discussedhapters 5, 6,

and7. The crushed rock powder utilized in each experiment was derived from the same cor
usedfor dynamic retention studies. Before the experimerttanasectiorof this core was taken

and crushed to the desired particle sidee weight of the rock powder usedstatic studies

was determined based on the consideration of keeping same surface access for both dynamic
retention experiments and static adsorption experimdiiis was achievetly considering
surface area of core and crushed rock powder, inaccessible pore volume, and additionally
residual oil saturation in the case of dynanmgiention experiments in the presence of oil. The
amount of polymer solution waalso honoredbased on the liquitb-solid ratio in the

corresponding dynamic retention experiments.
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8.2 SpecificSurface Area of Crushed Coreand Core Plugs

The specific surface area ofushed rockand core plug was obtained fronBET and MICP
experimentsrespectively BET andMICP experiments were conducted fie crushed rock
powder of particle size 6250 micronsandthe end trimgepresentative of theock powder
andcore plugaused forstatic adsorption andlynamicretentionstudies respectiveNBET and
MICP results otrushed rockCR-36) and core plugCF36) respectivelywill be discussed in

the upcoming sections.

8.2.1BET Results

The BET surface areaf the crushed rockCR-36) was obtainedis 0.98 rfig from BET plot
(Figure 8.1), and following the approach describedCihapter 3, Section 3.2.5.2
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Figure 8.1: BET plot for CR-36.

8.2.2MICP Results

Thespecific surface area of tisere plug CF36 wasdeterminedas 0.47 rfig from pore throat
distribution dataand following the approach describedinapter 3, Sections 3.2.6.33.2.6.4,
and 3.4.2andutilizing the hydrodynamic size of the polymer depicte@irapter 4 (Figures
4.11, 4.12 and4.13. The mercury intrusion curve for Indiana limestone outgp-36) is
illustrated inFigure 8.2. This curve provides insight into the distribution of pdineoatsizes
and pore structure othe rock sample The curve starts from 1 (or 100% saturation) and
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decreases to 0, representing the process of mercury progressively saturating the rock's pores as
pressure increase$he pressure varies across multiple orders of magnitude, from 1 psi to
100,000 psi. This wide range indicates the rock has a variedhpoegsize distribution, with

mercury intruding into larger pores at lower pressures and smaller pores at higher pressures.

100000

10000 -

1000 -

100 -

Mercury Pressure (psi)
[
o

O T T T T T T T T T
1 0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1 0

Mercury Saturation (Fraction)

Figure 8.2: Mercury intrusion curve for Indiana limestone outcrop (CF-36).

Porethroatsize distribution for the samplewas deduced from the mercury intrusion
capillary pressure (MICP) metricas illustrated inFigure 8.3. The graph displays three
categories of pores: miqoores mes@ores and macrpores Microporesare the smallest pores
and are seen at the far left of the grapgtween 0.001 and 0.01 microMesoporedie in the
intermediate range and can be observed between roudghlytd.10 microns. This region
displays a slight peak, suggesting a moderate concentration ofjpmiesiMacroporesare the
largest pores a@hare represented between 10 to 100 microns. This region exhibits the most
significant peak, indicating that the sample has a substantial proportion of-peoaesol he
highest peak in the macro region suggests that the rock has a domawapore network
indicaing good permeabilityThe continuous nature of the curve without any sharp drops or
flat regions suggests good pore connectivity in the rdokeover,the rock sample appears to

be heterogeneous with a wide range of pore sizes.
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Figure 8.3: Pore throat size distribution plot from MICP for outcrop (CF-36).

The ascertained surface ared both crished rock and core plugias usedfor
determining the quantity of crushed rock powder needed for static adsorption experiments.
Table 8.1represents thiotal surface area for the core samp&sce (Mm?/g), inaccessible pore
volumeg IPV (%), residual oil saturatignS,: (%), and accessible surface argat/g) (by

deducing IPV and &from total surface area)
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Table 8.1: Summary of inaccessible pore volume and accessible surface area of the core plugs

Accessible
Core No. | Core-ID (?n“;jgp) IPV (%) | So (%) SX;‘;a;e

(m?/g)
1 CF1 0.49 22 0 0.38
> CF2 0.50 16 0 0.41
3 CF3 0.50 16 0 0.41
4 CFa 0.50 16 0 0.42
5 CF5 0.51 20 0 0.41
6 CF6 0.58 17 0 0.48
7 CF7 0.58 17 0 0.49
8 CFo 0.60 13 35 0.34
9 CF10 0.63 15 34 0.35
10 CF11 0.70 19 35 0.37
11 CF12 0.75 15 35 0.41
12 CF13 0.75 15 38 0.39
13 CF14 0.78 15 31 0.46
14 CF15 0.90 18 39 0.45
15 CF16 0.53 13 0 0.46
16 CF17 0.58 20 0 0.47
17 CF18 0.63 25 0 0.47
18 CF19 0.56 14 0 0.48
19 CF-20 0.52 11 0 0.46
20 CF21 0.67 18 37 0.34
21 CF22 0.69 16 37 0.36
22 CF23 0.68 14 37 0.37
23 CF24 0.81 19 36 0.42
24 CF-25 0.70 18 34 0.38
25 CF-26 0.49 21 0 0.39
26 CF27 0.48 16 0 0.40
27 CF28 0.48 16 0 0.40
28 CF29 0.48 16 0 0.40
29 CF-30 0.60 18 0 0.50
30 CFal 0.59 16 0 0.49
31 CFa2 0.61 18 0 0.50
32 CF33 0.61 17 0 0.50
33 CF34 0.64 20 38 0.32
34 CF35 0.60 16 38 0.32
35 CF-36 0.90 18 37 0.47
36 CFa7 0.90 18 36 0.47
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Table 8.2displaysthe surfaceaccessSA (m?), BET surface area of the crushed rock
powder, Ser (m?g) and the weight of the crushed cartilized in the static adsorption
experimentgg).

Table 82: Summary of surface access and weight of threck powder

S?\IrgPle SamplelD SA (m?) Sger (M?/Q) W?g&gg I(?;)Ck
1 CR-1 67.16 2.23 30
2 CR-2 79.51 2.23 36
3 CR-3 76.47 2.23 34
4 CR4 79.27 2.00 40
5 CR-5 80.53 2.00 40
6 CR-6 88.41 3.02 29
7 CR-7 89.30 1.77 50
8 CR-9 51.68 151 34
9 CR-10 62.83 1.29 49
10 CR-11 65.31 1.29 51
11 CR-12 77.42 1.29 60
12 CR-13 72.19 1.32 55
13 CR-14 83.51 1.30 64
14 CR-15 82.82 1.80 46
15 CR-16 86.76 2.23 39
16 CR-17 83.51 2.10 40
17 CR-18 89.13 3.00 30
18 CR-19 84.73 1.74 49
19 CR-20 84.85 2.10 40
20 CR-21 63.29 1.76 36
21 CR-22 65.13 1.76 37
22 CR-23 64.33 1.30 49
23 CR-24 73.57 1.30 56
24 CR-25 68.03 1.76 39
25 CR-26 71.76 1.94 37
26 CR-27 73.09 2.02 36
27 CR-28 74.34 1.94 38
28 CR-29 70.22 2.00 35
29 CR-30 76.47 1.87 41
30 CR-31 74.32 1.86 40
31 CR-32 78.91 1.86 43
32 CR-33 75.05 1.63 46
33 CR-34 52.03 1.53 34
34 CR-35 55.09 1.56 35
35 CR-36 80.83 0.98 83
36 CR-37 75.27 1.24 61
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8.3 Application of Machine Learning to Predict Dynamic Retention

Static adsorption values were obtained agpbrted in pug/mh A comparison between these
static adsorption values and the dynamic retention valatss reportedn pg/n?, revealed a
noteworthy observationthat the dynamic retention values consistently exceeded the
correspondingstatic adsorption valug3able 8.3. This difference emphasizes that dynamic
retention not only represents tadsorption mechanisrbut also accounts for the mechanical
entrapment phenomenon.

To predict dynamic retention, a series of machine learning algorithms were employed.
These algorithmicludeDecision Tree (DT)RandomForest(RF), Extra Trees (ET), Gradient
Boosting (GB), AdaBoost, and XGBoost. From the total dataset of 36 samplesf 8@%6lata
was designated for training and validation, while the remaining 20% was reserved for testing.
To enhance the accuracy and robustness of the predictive models;cthasKvalidation
method was incorporated, with theféld value 5.

For the predictive modeling of dynamic retention, two distinct approaches were
adoptedIn the first approachtheabove discussed machine learning models were applied to
predict dynamic retention fromanly the static adsorption valuel the secondapproach,
besides the static adsorption values, several other critical parameters known to influence
dynamic retentionvere integrated into the modeling process. These parameters comprise total
salinity, hardness, residual oil saturation, and temperature, as these parameters influence the
flow behavior of the polymer while flowing through the porous media. Additiondléypore
throatsize of the cordobtained usind=quation 3.22 was considered, as it is a significant
parameter influencing mechanical entrapmérable 8.3 representghe static adsorption
values, total salinity, hardness, residual oil saturation, teryperaverageporethroatsize

anddynamic retentioffior all the 36 samples
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Table 83: Summary of parameters used for machindearning

Residual

Pore

Qil TDS | Temperature | Throat A dStat'(? Dy”am'c
. o . sorption | Retention
Saturation | (mg/l) {®) Size (Lg/m?) (ng/m?)
(%) (hm)
0 167,114 25 3529 141 146
0 33423 25 3697 115 121
0 16,711 25 3819 103 111
0 8,356 25 3867 54 60
0 42507 25 3469 109 114
0 8,502 25 3407 83 92
0 1,701 25 3405 55 79
0 425 25 3191 25 49
0 8,502 25 2752 82 94
0 8,502 25 3165 54 72
0 8,502 25 2670 43 69
0 8,502 25 2835 85 95
0 167,114 40 3368 129 136
0 167114 60 3277 107 112
0 167,114 80 3035 108 112
0 167,114 90 2979 107 114
0 425 40 3055 25 48
0 425 60 3002 22 41
0 425 80 3017 22 38
0 425 90 2908 23 40
0.35 167114 25 3219 70 76
0.34 33423 25 3441 68 74
0.35 16,711 25 3928 61 63
0.35 8,356 25 3706 43 46
0.38 42,507 25 3395 70 71
0.37 8,502 25 3325 50 75
0.31 1,701 25 3245 41 44
0.39 425 25 3407 14 31
0.37 8,502 25 3280 48 63
0.37 8,502 25 3104 47 55
0.36 8,502 25 3184 31 48
0.34 8,502 25 3304 49 66
0.38 167,114 60 3702 65 66
0.38 167,114 90 3658 70 73
0.37 425 60 3475 28 28
0.36 425 90 3382 20 25
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8.3.1Prediction of Dynamic Retention from Static Adsorption

In this sectiopwe have applied the first approach,ipeedicting dynamic retention from static
adsorptionalone using machine learningrhis approachnvolves creating models that can
analyze static adsorption values to forecast the corresponding dynamic retention values. In this
context, static adsorption serves as the input feature for the model, while dynamic retention is
the target variable that teodel aims to predicDifferent machine learning algorithnvgere
employed includingecision Tree (DT)RandomForeg (RF), Extra Trees (ET)AdaBoost,
Gradient Boosting (GB)and XGBoost These algorithms ainto analyzethe complex
relationships and patterns between static adsorption and dynamic retevrition further
provide a robusinodelto understand and predict dynamic retention in scenarios where only
static adsorption datés available. Table 8.4 shows the evaluation metrics of different
algorithms used to predict dynamic retention from static adsorptare It is evident from

the table thatlathe machinelearningmodels performed wellith R? values above 0.9 in both

testing and training.

Table 84: Dynamic retention prediction from static adsorptionaloneusing different machine
learning algorithms

Evaluation Metrics
ML Algorithm Training Testing

R? R? MAE RMS

AdaBoost 0.96 0.92 8.17 9.83
DT 0.95 0.94 6.94 8.43

ET 0.95 0.95 6.38 8.10

RF 0.98 0.94 6.13 8.44

GB 0.98 0.93 7.43 9.74
XGB 0.96 0.93 7.17 9.32

The evaluation metrics presented fpredicting dynamic retention from static
adsorption using various machitfearning algorithms emphasize that all the models have
exhibited commendable performance. For Trainasgry algorithm displays an Rscore of

0.95 or above, signifying a very high proportion of variance in the dependent variable that is
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predictable from the independent variable. For unseen atatatesting stageall models
maintain an impressive “Rscore above 0.9. This consistency between training and testing
scores across models underlines their robustness and generalizability. The range of MAE across
modelswere6.13 RandomFores) to 8.17 (AdaBoost)suggestinghat the predictions from

all models are, on average, reasonably close to actual values. No algorithm exhibits an
excessively high MAE, further solidifying the observation of universally good performance.
With RMS scores oscillating between 8.10 (ET) 8r&B (AdaBoost), all models demadrate
consistent and reliable predictions, reinforcing the notion of overall competence. In conclusion,
all models have performesgell in predicting dynamic retention from static adsorptiigure

8.4 demonstratethe Extra Trees (ET) algoriththat offered the most balanced performance
across the metrics, showcasing both effective fitting of the training data and excellent

generalization to the testing data
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Figure 8.4: Dynamic retention prediction from static adsorption valuealonebased onET

algorithm.

8.3.2Prediction of Dynamic Retention from Static Adsorption and Various
Influencing Parameters

In this sectionthe second approath estimate dynamic retentiemdiscussed where the same

machine learning algorithmvgere appliedncludingDecision Tree (DT)RandomForest(RF),

Extra Trees (ET), AdaBoosGradient Boosting (GB), and XGBoost. This prediction was

derived not just from static adsorptjdout also by considering specific parameters that play a

significant role in the mechanical entrapment process within porous nmddizhanical
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entrapment, in the context of flow through porous structures, is significantly influenced by
several parameteracluding porethroatsize salinity, hardnesghatis characterized by the
concentration of calcium (€9 and magnesium (Mg) ions, temperaturgand residual oil
saturation.

To gauge the relationships and dependencies between these input parameters, a heat
map was constructed. This visualization method allows for the easy identification of linear
relationships between variables by showcasing correlation coefficdenpsesented ifigure
8.5, an important observation emerged regarding the relationship betvtalhssolvedsalts
(TDS) and hardness (measured as the combined concentratiod*@n@aMd* ions). The
high correlation between these two parameters suggestng $itrearpositive relationship,
indicating that they convey redundant or overlapping informafioravoid multicollinearity,
which can potentially distort the performance and interpretability of some machine learning
models, one of these correlated parametspgcifically hardnesswas excluded from

subsequent analyses.

1.0
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0.8
0.66

TDS- - 06
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Figure 85: Heatmap to examine theénterdependencies between inpuparameters to predict

dynamic retention.

Subsequentlya heat map was constructia the tuned parametensicluding static
adsorptionaveraggorethroatsize,total dissolvedsalts (TDS), temperature, and thesidual
oil saturatioras presented iRigure 8.6. Notably,the heat mapnderscores the fact that all the

chosen input parameters appear to be independent, exhibiting minimal to no linear correlation
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with one another. Such independence of featuresuigal, as it ensures that each variable

contributes unique information to the model, enhancing its predictive capability and reliability.

Residual Oil Saturation

TDS -

Temperature -

Pore Throat Size -

Static Adsorption 0.66

Residual Oil Saturation
TDS

Temperature -
Pore Throat Size

Static Adsorption

Figure 8.6: Heatmap to examine the interdependencies betweéme tunedinput parameters to

predict dynamic retention.

Following the correlation analysis, feature importance evaluatioraisasonducted.

This is a critical step in machine learning as it determines which parameter has the most
influence on themodebs performance and outcomeAs illustrated inFigure 8.7, static
adsorption is clearly a dominant factor in the model formulation. Specifically, it commands a
considerable weight, as evidenced by its high importance coefficient of 0.91. This signifies that
static adsorption substantially influences the predéciiccuracy and the overall efficacy of the
model. In contrast, the remaining parametacduding total dissolvedsalts (TDS),average
porethroatsize,residual oil saturatigrand temperature demonstrate markedly lower feature
importancevaluesof 0.04, 0.02, 0.01, and 0.0espectively.

The relatively low significance of these parametesuld be attributed tolow
contribution of mechanical entrapment into the dynamic retention. This could also be related
to a constrained datasitat isunable to capture the comprehensive impact of all parameters.
The breadth and depth afdatsetplay a crucial role in discerning the weightage of each
parameterin addition the educedvariability of the dataset may lead to those parameters
appearing less influential when, in different circumstant¢es; might be morsignificant In
summary, while the feature importance clearly highlights static adsorption as the pivotal
element in this modeit is crucial to recognize that the contribution of other parameters may

become more apparent with a more diverse and extensive dataset.
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Figure 8.7: Feature importance for dynamic retention prediction

Table 8.5summarzes the evaluatiometricsof differentmachine learning algorithsn
including AdaBoost, Decision Tree (DT), Extra Trees (ERandomForest(RF), Gradient
Boosting (GB), and XGBoost (XGRjsed to prediaiynamic retention fromstatic adsorption,
TDS, averageporethroatsize,residual oil saturation, artdmperatureThe evaluatiormetrics
indicate that AdaBoosshows excellent training and testing?Rscores of 0.98 and 0.97,
respectively. This indicates that the model fits the data well and generabiiesn unseen
(blind) data(Figure 8.8). Also, its MAE and RMS errors are relatively low, suggesting precise
predictions.

Table 85: Dynamic retention prediction from various influencing parameters usingdifferent
machine learning algorithms

Evaluation Metrics

ML Algorithm Training Testing
R? R? MAE RMS
AdaBoost 0.98 0.97 4.26 5.17
DT 0.87 0.87 10.57 12.61
ET 1.00 0.98 2.97 3.71
RF 0.99 0.98 3.28 4.95
GB 0.99 0.98 3.44 5.31
XGB 0.99 0.97 491 5.74
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Figure 8.8: AdaBoostML algorithm for dynamic retention prediction based on several

influential parameters.

Decision Tree (DT)Figure 8.9) presents a mode&?® score of 0.87 for both training
and testing sets. The relatively higher MAE and RMS values compared to other models hint at
less accuracy in the predictionBhis is expected since DT is the simplest ML tbased

algorithms in terms of building structure.
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Figure 8.9: Decision treealgorithm for dynamic retention prediction based on several influential

parameters
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Extra Trees (ET)chieves a perfed®?score on the training set and a high score on the
testing setrenderingt one of the togperforming algorithmgFigure 8.10). Its low MAE and
RMS values reinforce this observati@milarly, RandomForestdisplays strong performance
with R?values of 0.99 (training) and 0.98 (testigigure 8.11). Its MAE and RMS errors are

also among the lower ranges, highlighting its robustness and precision.
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Figure 8.10: Extra tree algorithm for dynamic retention prediction based on several influential

parameters
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Figure 8.11: Random Forestalgorithm for dynamic retention prediction based on several

influential parameters.
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Furthermore Gradient Boosting (GBmirrors the RF inR? scores but has slightly
higher MAE and RMS errors, though they are still competirgure 8.12). For XGBoost or
XGB, it exhibits a strong fit to the data witl?Bcores nearing 1, but its MAE and RMS errors
are a bit higher than those of RF and GB, though still lower tha(F@tre 8.13).
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Figure 8.12: Gradient Boosting algorithm for dynamic retention prediction based on several

influential parameters.
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Figure 8.13: XG Boosting algorithm for dynamic retention prediction based on several

influential parameters.

154



Based on the analysiET and RF are the best predictive models in terms of Rbth
scores and error metri€MIAE and RMS) These algorithms seem patrticularly waliited for
this dataset and problem. DT, while still delivering decent results, lags beinmzhred tahe
other models in terms of both fit and error metrics. This suggests that tree ensemble methods,
which combine multiple decision trees, provide a more accurate model for this data. Despite
their slightly higher error rates, boosting algorighifAdaBoost, GB, and XGBoost) have

shown strong performance.

8.3.3Comparison of the Two Approaches

The first approach, while providing an initial understanding, only considered static adsorption.
On the other hand, the second approach was more holistic in its methodology. By factoring in
multiple parameters, did not only capture the effects of static adsorptirn also considered
otherimportant parmeterghat could influence dynamic retention. This comprehensive nature
renderghe second approach more representative of thewadd complexities inherent in the
process of dynamic retention.

The analysis ofthe performance metriq§ables 8.4 and8.5), specifically the Mean
Absolute Error (MAE) and the Root Mean Square (RMS), provides an objective comparison
between the two approaches. Lower values in these metrics indicate a better performing model.
The second approach demonstrated superior perfoenasavidenced by its reduced MAE
and RMS values compared to the first approach. This quantitatively supports the assertion that
the second approach is more accurate in its predictions.

The increased accuracy of the second approach can likely be attributed to its
inclusiveness of all potential influencing factotBat capture mechanical entrapment
components added to that of static adsorptiéwery parameter, even those with minor
influence, can collectively contribute to a more refined and accurate prediction. Overlooking
even a single influential parameter might lead to significant deviations in certain scenarios.
Thus, the comprehensivetaee of the second approach ensures that tliehi®robust across

a wider range of conditions.

8.3.4Application of Symbolic Regressin to Develop Dynamic Retention
Correlation

Symbolic regression differs from traditional regression methods in its approach tothedel

datafitting. Symbolic regression searches for the best functional form of the mode] itself
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instead of fitting to a predeterminahctionalform (like linear or polynomial). This enables

it to capture intricate and potentially nbnear relationships between variables, delivering
models that are both interpretable and accurate.

In this section symbolic regression was chosen to derive explicit mathematical formulas that
describe the relationship between ihiguencingparameters and dynamic retention. The goal
was to unearth a mathematical representation that can illuminate how changes in these
parameters might influence dynamic retention. Such an equation could be valuable for
theoretical understandingnd predictionof dynamic retention value$uringBot software was

used to derive these symbolic regression equatiims equatias derived through symbolic
regression, accompanied by their respective evaluation metricgrem@ntedn Table 886.

One should note that in the presented correlatiopss fhe dynamic retentioqug/n?), A is

the static adsorptiofug/m?), TDSis thetotal salinity(mg/l), rpis theaveragegporethroatsize

(nm), Soris the residual oil saturatian (fraction) andT is the temperatur@C).

Considering both correlations. The first one predicts dynamic retention from only static
adsorption values. Whereas the second one predicts the dynamic retention value from all
defined parameters influencing dynamic retentizeciuding static adsorption;DS average
pore throat sizgesidual oil saturation, and temperatui¢hile the first equation is simpler and
uses only static adsorption to predict dynamic retention with good accuracy, the second
equation considers a broader set of parameters and provides an even better fit (as indicated by
the higher . However, the increased RMSE foretlsecond equation suggests that this
enhanced fit comes with larger individual prediction errors. This could be adffdoetween
model simplicity and comprehensivenddsreoverthe second equatiaan captura broader

set of influencing factors, which will be essential considering the practical applications.

Table 86: Correlation developedusing symbolic regressiorto predict dynamic retention

Correlation R2 RMSE
I P w TR 0.95 6.84
0 uv@&uv TaAOo T8 TUX| PBOP p V2 YOV
" " 0.98 19.82
™ &Y C @Y,

8.3.5Application Envelope of the Developed Model

The currenimodets applicability is framed within specific parameters and conditions, which

outline its operational boundaries. Firstly, the dataset primarily leans on Indiana limestone as
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its core source of mineralogical data. Thefersto the modebs specific calibration to this
limestonés characteristics. Secondly, in terms of polymer choices, the model predominantly
accounts for sulfonated polymespecifically ATBSbased polymerThis preference stems

from their renowned stability, especially under the challenges posed by harsh reservoir
conditions. Thirdly, thenodets predictions and findings are tailored to scenarios involving
high permeability core samples. Moreover, the modeleisatile in terms of salinity and
temperature variations. Specifically, it can operate within a broad salinity range, from as low
as 425 ppm to an elevated 167,114 ppm. In terms of temperature adaptability, the model is
designed to function effectivelyxeoss a spectrum from 2& to a high of 90C. Collectively,

these parameters define theodets application envelope, underlining its strengths and

potential areas of expansion in futulevelopments

8.3.6Limitations of the Developed Model

One of the intrinsic limitations of the machifearning model that predicts dynamic retention
solely based on static adsorption revolves around the characterization of wettabilityé oil
cores.Currently, the representation of surface area in static adsorption studies accounts only
for residual oil saturatiarHence, might not precisely mimic the dynamic retention conditions.
The second shortcoming of the predicted model is determination of residual oil
saturation Residual oil saturation for a particular cegeeached after the process of drainage
and imbibition which is atime-consumingorocessHence,its value must be sourced from an
existing database. This approach is essential to maximiredtiets applicability, especially
as its main goal is to eliminate the need for timensive and expensivecoreflooding

experiments.

8.4 Highlights of the Chapter

This chapter explored the application of machine learning and symbolic regression aggproach

to predict dynamic retentioifhe main findings of this study are highlighted below:

1 Two approachewereconsideredor predicting dynamic retentiamsing ML The first
approach was to predict dynamic retention from static adsorptare While the
second approach conside@tierinfluential parameters includingverageporethroat
size, TDS, residual oil saturation, and temperature along with static adsorptios value
to predict dynamic retentiomoth approaches were able to predict dynamic retention
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with machine learning modelsiowever,the second approach stood out due to its
broader scope and better performance metrics. By including all relevant factors, this
model captures dynamic retentiomore accuratelyrenderingit a reliable tool for
analysis and forecasting.

In the second approactvhile all the employed algorithms provide valuable insights
into the prediction ofdynamic retention, treeensemblealgorithms (RF, ET) and
boosting algorithms seem especially promising.

Symbolicregressiorequatiors wereobtained for botlapproachesvith a good fitand

robust predictability of polymer retention.
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CHAPTER 9: CONCLUSIONS AND RECOMMENDATIONS

9.1 Conclusions

This study aimed to determine how water chemiggtinity and ionic compositiorgffects

the retention of synthetic polymgAV10) in carbonates under high temperature and salinity
conditions. It also examined the impact of oil presence on polymer retention through dynamic
adsorption testsA comprehensive studyasundertaken to investigate the behaviobafk
polymer solutions under different conditions. The experimentation included variations in shear
rates from 1 to 1000%s polymer concentrations between 500 to 3000 ppm, salinity levels from
425 to 167,114 ppm, different ionic compositions, and temperatures ranging from 25 to 90 °C.
This extensive analysis demonstrated the influence of mpkeater salinity, the varyingmic
composition of brine, and temperature on the polymer solution viscésitthermore, a
correlationwas developedtb predict dynamic retention values from static adsorption values.
The research revealed several key findings that can guide futurecreseat practical
applications related to polymer retention in carbonate reserddiesmain findings of this
research can be summarized as follows:

1 It was noted that polymesolutions withdiluted makeup watewith salinity less than
10,000 ppm, exhibited enhanced viscosity. This notable observation has practical
implications, indicating a potential reduction in the operational costs of polymer flood
projects by facilitating the use of a lower polymer dosageethy optimizing resource
utilization.

1 Also, the reduction in polymer solution viscosity parallels the reduction of the viscosity
of respective brinewhich signifiesthe stability of these polymers under high
temperature.

1 Further, the study showed that the hydrodynamic size of the polymer was prominently
higher at conditions marked by low salinity and temperature. The polymers generally
demonstrated a polydispersity index (PDI) between 0.3and 0.4, illustrating a relatively
uniform size distribution, barring certain exceptions observed at 425 ppm salinity under
ambient conditions, where a PDI of 0.6 was recorded.

1 Moreover, different analytical methods were also examined for polymer concentration
measurements, including WVis, Viscosity, and TOETN, and polymer concentration

was measured effectively with all the three methods.
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Forthe impact of salinity on polymer adsorptjdine study showetthat utilizing diluted
brineswith salinity less than 10,000 ppm salinity yielded lower retention levels of
polymers compared to using solutions in high salinity formation water or seawater.
Furthermore, polymer adsorption in the presence of oil in aged cores was further
reduced, emphasizing the necessity of employing wettabdgtored cores to ascertain
precise retention values. T h-eock linooiweet t pol
cores for seawater dil uti on -rockforgpaymerni ty 4
solution in formation water with salinity 167,114 ppm.

For the impact ofbrines withvarying ionic composition C&*, Mg?*, and S@), a
significant reduction in retention valsiezas achieved with softened brine. However,
the polymer solution in sulfatepiked brine did not show any significant reduction in
polymer retention.

Softened brine yielded a retention of 20 pgdgk in aged cores. This was still higher
compared to the dynamic retention value of 14 yrotk observed for seawater diluted

to a salinity of 425 ppm. When considering the practical aspects of -Ergler
applications, dilutions are more feasible than modifying ionic compositions. Therefore,
diluted seawater is proposed as the most effective brine composition for minimizing
polymer retention due to its efficiency and feasibility.

Fortheeffect of temperature on polymer adsorpfithe results indicated that dynamic
polymer retention in all salinity conditions did not vary due to the temperature changes
from 257 90 °C. The stable retention values across the varied temperatures highlighted
the polymeés stability and efficiency at high temperature conditions.

The findings from th@éemperatureexperiments suggest that employing {salinity
polymer flooding can effectively minimize polymer retention, achieving values as low
as 12 pg/gock at representative reservoir conditions without being affected by
temperature variations.

For developing a correlation to predict dynamic retentitve study showed that the
second approach isuperiorto the first approach. While the former hhslistic
consideration of multiple influencing variablgverageorethroatsize total dissolved

solids (TDS), residual oil saturation, temperatued static adsorption valugsthe

latterrelies onstaticadsorption alone.
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1 Interms of machine learning techniques, tree ensemble methods such as Random Forest
(RF) and Extra Trees (ET) as well as boosting algorithms were found to be particularly
effective.

1 To make the findings more relatable and understandable, symbolic regression was

applied, resulting in an explicit equation for battproachesand the fit was good.

9.2 Recommendationdor Future Work

Based on the outcomes and shortcomings of the reséaiate works are recommended.

9.2.1Experimental Work

In this study, heincorporation of sulfate ions did not show any impact on polymer adsorption

at ambient conditionsdHowever,sulfate ions have been widely reported to be effective in
wettability alterations Accordingly, the effect of sulfate on polymer adsorption will be further
investigated in the presence of oil and at high temperatures as a wettability alteration agent. In
addition to the potential effect in polymer adsorption reduction, qbemtialdrawbacks of

scale formation need to be investigated. Further, an optimum sulfate concentration can be
recommended for reducing polymer retention while avoiding any formation damage and scale

formation.

9.2.2Enhancing Polymer RetentionModel& Applicability

Although he currenpolymer retention predictiomodel serves as a robust starting padims
following recommendations offer a roadmap for future studies aimed at expanding its accuracy
and scope across a more diverse set of reservoir conditions
1 The dataset used in our current model is largely based on Indiana limestone. To better
capture the intricate influences of mineralogy on retention, it is recommended to include
data from different rock typescluding actual reservoir core samples
1 The model predominantly focuses on sulfona®ddBS-basedpolymers, chosen for
their stability in harsh reservoir conditions. To expandriuelets relevance, future
work should explore and integrate data from other polymer types.
1 Permeability is crucial in determining fluid flow dynamics in porous media. By
including core samples with a wider range of permeabilities, the model can be

optimized to offer predictions across varied reservoir characteristics.
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