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ABSTRACT

Background: Polymer flooding remains one of the most technically viable enhanced oil recovery
methods for mature fields in Kazakhstan's Pre-Caspian Basin. Predicting its sweep efficiency
in heterogeneous carbonate reservoirs is challenging due to complex pore-throat geometry, high-
salinity formation waters, and pronounced permeability contrasts. Conventional reservoir simulation
is computationally prohibitive for real-time operational decisions and probabilistic uncertainty analysis.
Aim: This study develops and validates a hybrid surrogate framework integrating gradient boosting
regression with physics-informed constraints derived from polymer transport theory to predict
incremental oil recovery factor and injectivity ratio for polymer flooding in carbonate formations
of the Pre-Caspian Basin.

Materials and Methods: A dataset of 412 polymer flooding operations was compiled from published
literature, Society of Petroleum Engineers (SPE) technical reports, and internal field data from three
Kazakhstani assets: Tengizchevroil, Karachaganak Petroleum Operating, and the Uzen field operated
by Ozenmunaigas. Eighteen reservoir and fluid parameters were used as input features. Gradient
boosting regression was trained using a stratified 80/20 split with five-fold cross-validation. Physics-
informed penalty terms derived from Darcy-scale polymer transport equations were embedded
in the loss function to ensure physical consistency. Model performance was benchmarked against
artificial neural networks, support vector regression, and full compositional simulation.

Results: The physics-informed gradient boosting model achieved a coefficient of determination
R? = 0.924 and root mean square error of 2.31% on the held-out test set for recovery factor prediction,
outperforming artificial neural networks (R? = 0.891) and support vector regression (R?* = 0.857).
The physics penalty reduced physically inconsistent predictions by 78%. SHapley Additive exPlana-
tions (SHAP) analysis identified the permeability variation coefficient, polymer concentration,
and formation water salinity as dominant predictors. Surrogate estimates agreed with full compositional
simulation within +1.8% absolute for the Uzen carbonate pilot.

Conclusions: The proposed surrogate model provides rapid and reliable predictions of polymer
flooding performance suitable for field-scale integration, substantially reducing computational
burden for enhanced oil recovery screening and optimization in heterogeneous carbonate reservoirs
of Kazakhstan.

Keywords: Big polymer flooding; machine learning; gradient boosting; enhanced oil recovery; carbonate
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Opu rmHanbHoe uccriegoBaHue

MporHo3unpoBaHue 3¢pPeKTUBHOCTU NOSIMMEPHOro 3aBOAHEHUA
B HEOAHOPOAHLIX KapOoHaTHbLIX Konnekropax lNMpukacnumckoro
6accenHa ¢ ucnosnb3oBaHueM MaLLIMHHOIO OGy4YeHuUA:

noaxon Ha OCHOBE rpagMeHTHOro bycTuHra

u hbmsnyecku-mHpopMmmMpoBaHHbIX MoaeNen

9.A. Xetnic, B.B. PbiHauH, M.M. KeHxxaHoBa, U.K. Omap6ekoBa, [1.I. AiroxmHa,

I.I. AbgynnuHa
Topatiebipos YHusepcumem, e. [1asnodap, KazaxcmaH

AHHOTALUMA

O6ocHoBaHue. [MonvmepHoe 3aBOAHEHWE OCTaéTcs OAaHMM U3 Haubonee 3PdEKTUBHBLIX METOdOoB
noBbILLEeHNs HedTeoTAaumn Ans 3penbix mectopoxaeHun Mpukacnuiickoro 6acceiHa. NporHo3uposaHne
3 peKkTMBHOCTM OxBaTa B HEOAHOPOAHbIX KapOOHaTHbIX KOMMEeKTopax 3aTpygHeHo BCrneacTeue
CMOXHOW reOMEeTpUM Mop, BLICOKON MUHEpanusauumn NnacToBbIX BO4 U BbipaKEHHOW HEO4HOPOAHOCTU
npoHuuaemocTu. TpaguuMOHHOE T[MAPOAMHAMUYECKOe MoJenupoBaHne TpebyeT 3HauMTenbHbIX
BbIMUCMUTENbHBIX 3aTpaT, YTO OrpaHWYMBaET ero MPUMEHEHWE B OMepPaTUBHbIX W BEPOSITHOCTHbIX
pacyéTax.

Lenb. Pa3pabotka v Banupaums rmbpuaHon cypporaTHOM Mopenu, oObeauHSsIIoWEN rpagueHTHbIN
ByCTUHI C (PU3NYECKN-MHPOPMUPOBAHHBIMW OrPaHNYEHNSMN, OCHOBAHHLIMW Ha Teopuu TpaHcrnopTa
nonMMepoB, ANA MPOrHO3UpOBaHWs npupocta KoadduumeHTa HedTeoTgaum wu  KoadpdpuumeHTta
NPUEMUCTOCTMN NPY NONIMMEPHOM 3aBOAHEHUM KapboHaTHbIX nnacToB MNpukacnuickoro baccenHa.
Martepuanbl n metoabl. ChopmupoBaHa 6a3a AaHHbIX U3 412 onepauunini NOMMEPHOTO 3aBOAHEHUSI
Ha ocHoBe nybnukaumn SPE/EAGE, BHyTpeHHUX OT4é€TOB TeHrusiwesponn, KapadaraHak Metponvym
OnepentuHr 1 AO «OseHmyHamras», a Takke 0a3bl MOA. BxogHble napameTpbl Bkno4vanm
18 xapakTepuctuk nnacta u dntonaos. Mogens obyyanack ¢ MCNonb3oBaHWEM CTPATUDOULMPOBAHHOMO
pa3bueHns gaHHbix 80/20 u nATMKpaTHOW nepekpEcTHom nposepku. B dyHkumio notepb XGBoost
BCTPOEHbI PUINYECKN-MHPOPMUPOBAHHbIE LUITPAdHbIE YNEHbI, BbiIBEAEHHbIE U3 YpaBHEHWU TpaHcnopTa
nonvmepos. MNpon3BoaANTENBHOCTL CPpaBHMBANach C UCKYCCTBEHHBIMU HEMPOHHLIMU CETSMMW, METOLOM
OMOPHbIX BEKTOPOB U NOSIHOU3NYECKM KOMMO3ULIMOHHBIM MOLENNPOBaHNEM.

PesynbraTtbl. Pusmyeckn-nHpopMmpoBaHHas Mogenb rpagueHTHoro ByctuHra gocturna R? = 0,924
n RMSE = 2,31% Ha TecToBOW BblGOpke Mpu nporHo3upoBaHunm ARF, npeB3onas MCKyCCTBEHHbIE
HelpoHHble ceTn (R? = 0,891) n metoa onopHbix BekTopoB (R? = 0,857). dnanyeckm-mHpopMmnpoBaHHbI
WTpad CHWM3WM KONMUYECTBO (DU3NYECKN HEKOPPEKTHbIX MpPOrHo3oB Ha 78%. SHAP-aHanus BbisBUn
TPW KIHOYEBbIX MNPEeAnKTopa: KO3PdUUMEHT BapuauuMum NPOHMLAEMOCTW, KOHLEHTpauuio nonvmepa
M MUHEepanu3aumio nnactoBblx Bod. Ans kapboHaTHOro nuoTa MeCTOpOXAEHWUS Y3eHb cypporaTHas
MoAenb BOCnpou3sena pesyrnbsraTbl NOHO(U3NYECKOro MOAENNPOBAHNS C aOCOMIOTHON MOrPELLHOCTLI0
+1,8%, Npu BblYMCNIUTENBHOM yckopeHun 6onee yem B 100 000 pas.

3akntoyeHue. MNpeanoxeHHasi mogens obecnevmBaeT ObICTpble M HAOEXKHbIE NPOrHO3bl 3P HEKTUBHOCTU
NONMMEPHOrO 3aBOAHEHWS, MPUrOAHblE ANsi NPOMBILNEHHOTO NpuMMeHeHusi. ogxon CyLuecTBEHHO
CHWXAET BbIYMCIUTENBLHYO HArpy3Ky Npu CKPUHUHIE Y ONTUMK3ALIMM METOAOB MOBbILLEHUS HedhTEOTAAYM
B HEOAHOPOAHbIX KAapOoHAaTHbIX KonnekTopax KasaxcraHa.

Knro4veeble criosa: nonumepHoe 3ag00HeHUe; MaWuHHOe obyyeHue; epadueHmHbIl 6ycmuHe;
rnosbiweHue Hegpmeomaoda4yu, kapboHamHble konnekmopsl; lNpukacnulickuli 6accelH;, SHAP-aHanus;
u3uYeCKU-UHGOPMUPOBaHHOE MaWUHHOe 0by4YeHue; HeOOHOPOOHOCMb MPOHUUaeMocmu.
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TynHycka 3epTTey

MawwuHanbIK OKbITyAbl NanaanaHa oTbipbin, Kacnun maHbl
6accenHiHiH reTteporeHAi Kapb6oHaTTbl KonneKkroprapbiHAa
nonumepni cynaHabIpyAbiH TUiMAINIriH 6orxkay: rpaguMeHTTIK
KYLWEeMNTKiLW XXoHe Pu3nKanbIK aknapaTraHablpbinFaH moaenbaepre
Heri3aenreH Tacin

9.A. Xetnic, B.B. PoiHauH, M.M. KeHxxaHoBa, U.K. Omap6ekoBa, 1.F. AroxuHa,

I.I. AbgynnuHa
Topalirbipos YHusepcumemi, lNasnodap Kanacel, KazakcmaH

AHOATNA

Herizgey. Monumepni cynanapipy Kacnuin maHbl 6acceiiHiHiH XeTinreH keH opblHAapb! yLwiH MyHan 6epyai
apTTbIpyablH eH TMiMAi aaicTepiHiH 6ipi 6onbin kana bepeai. OpTekTi kKApOOHATTLI KONNeKTopnapaarb! KamTy
Trimainiriv Gorkay KeyekTepAiH Kypaeni reoMeTpusicbiHa, kabaT cynapblHbIH XOFapbl MUHepanfaHybiHa
JKOHe OTKI3riLUTiriHiH alKbliH apTekTiniriHe GannaHbICTbl KUbIHABIK TyFbi3adbl. [JacTypni ruapoanHammukanblk
Mofenbaey awTaprblkTaln ecentey LbiFblHAAPbIH Tanan etedi, Oyn OHbl xeden >XeHe blKTUManablk
ecenTteynepae KongaHyabl LWeKTenai.

Makcartbl. Kacnuii maHpl 6acceliHiHiH, kapboHaTTbl kabaTTapblH MONUMepPAi cynaHablpy KesiHge MyHan
6epy KoathdULMEHTIHIH xaHe Kabblnaay KoadhdULMEHTIHIH ecyiH 6ormkay yLwiH nonumepnepai Tacbimangay
TeopusiCbiHa HeriagenreH u3vkanblk aknapaTTaHAbIpblFaH LUeKTeynepMeH rpagueHTTiK OyCTUHITI
GipikTipeTiH rMbpuATi cypporaT MoaeniH a3ipney xaHe Banugauusnay.

MaTtepunanpap meH agictep. SPE/EAGE xapusnaHbimaapbiHbiH, TeHisweBponn, KapalbiraHak [le-
TponuyMm OnepenTuHr xaHe «©3eHMyHanras» AK iwki ecentepiHii, congamn-ak XOA 6asacbiHblH HerisiHae
412 nonumepni cynaHabIpy onepauusnapbiHbiH AepekTep 6a3acbl kanbinTacTeipbingbl. Kipic napamertp-
nepi 18 kabaT neH CyMbIKTbIK cunaTtTamanapbiH kamTbiabl. Mogenb 80/20 ctpaTudmkaumsanaHraH gepek-
Tepai 6eny xaHe 6ec peT Kpocc-Tekcepy apKbinbl okbITbiNAbl. XGBoost xoranTy dyHkumscbiHa nonumep-
nepdi TacbimMangay TeHAeynepiHeH anblHFaH U3uKanblk aknapaTtTaHablpbiifaH anbinnyn myluenepi
eHrisinreH. MogenbaiH eHiMAiniri )xacaHabl HEMPOHALIK XeninepMeH, Tipek BeKTopnapk aAiciMeH XaHe To-
NblK OU3NKanbIK KOMNO3MLMANBIK MOAENbAEYMEH canbICTbipMansl Typae 6aranaHabl.

HoaTtuxenepi. Pusukanbik aknapaTraHablpbliFaH rpagueHTTi Kywenty mogeni ARF 6omxay kesiHae cbiHak
ynricinae R?2 = 0,924 xxeHe RMSE = 2,31% xeTin, xxacaHabl HerpoHablK xxeninepaeH (R2 = 0,891) xaHe Tipek
BekTopnblk aiciHeH (R? = 0,857) acbin TycTi. ®u3nkanblk aknapaTTaHAabIpbifiFaH anbinnyn usnkanbik
TypFblaaH aypbic emec 6omkamaapabiH caHbiH 78%-Fa asanTTbl. SHAP Tangaybl yw Herisri npeamktopabl
aHblKTaabl: OTKI3riLTIKTIH e3repy Ko3UUMEHTI, NONMMMEpP KOHLEHTPaLMSChl XaHe kabaT cynapbiHblH,
MUHepangaHy aeHrefi. ©3eH keH OpHbIHbIH, KapboHaTTbl MUIOTTLIK y4acKeci YLWiH cypporaTTblk MOAenb
TOMbIK pu3nKanblk Moaenbaey HaTwxenepiH +1,8% abcontoTTik KaTenikneH KawTa XaHFbIpTbin, ecentey
xbingamapiFbiH 100 000 eceneH actam apTTbipabl.

KopbITbIHAbI. ¥CbIHbIFaH MOAENb OHEPKACINTIK kKongaHyFa xapamabl NonUMepni cynaHabIpy TMiMAINIriHiH
XblNgam xeHe ceHimai GomkampaapbliH KamTamacbid etedi. byn Tecin KasakcTaHHbIH GipTekTi emec
KapboHaTTbl KonnekToprapbiHaa MyHan 6epyai apTTelpy 84iCTepiH CKPUHWHT XaHe OHTannaHabIpy kesiHae
ecenTey XyKTeMeciH auTaprblKTan TemeHaeTesi.

Hezizzi ce3dep: nonumepni cynaHObIpy, MawuHanblKk OKbimy, 2padueHmmik 6ycmuHe, MyHal
6HOIipydi apmmbipy, kapboHammbl kabammap, Kacnul maHbl olinambel, SHAP-mandaybl, ¢hu3ukarnbik-
aknapammaHObIpblriFaH MawuHarbIK OKbImy, emkisaiwumikmiH 6ipkenkiciddiei.
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Introduction

The mature oil fields of Kazakhstan’s Pre-Caspian
Basin, including Tengiz, Karachaganak, and the
legacy fields of the Mangistau Platform such as
Uzen and Zhetybai, collectively hold proven reserves
exceeding 30 billion barrels of oil equivalent [1].
However, water cut in many of these assets has
reached 80-92%, signalling that primary and
secondary recovery mechanisms are approaching
their practical limits [2, 3]. Enhanced oil recovery
through chemical methods — and polymer flooding
in particular — has emerged as the most technically
mature intervention for improving volumetric sweep
efficiency in reservoirs characterised by adverse
mobility ratios and high permeability heterogeneity [4].
Polymer flooding operates on the principle of
increasing the apparent viscosity of the injected
water phase, thereby reducing the water-to-oil
mobility ratio M:

kTW/AuW
™ Too/bo M
where k  and k are the relative permeabilities
to water and oil at their respective saturations,
and p, and p are the viscosities of water and oil.
When M > 1, viscous fingering develops and sweep
efficiency deteriorates [5]. Partially hydrolysed
polyacrylamide (HPAM) is the dominant polymer
deployed commercially, yet its performance in high-
salinity, high-temperature carbonate environments-
conditions characteristic of many Kazakhstani
reservoirs-is sensitive to a complex, nonlinear
combination of parameters that resist accurate
prediction by analytical correlations alone [6, 7].

Full-physics compositional reservoir simulation
remains the gold standard for polymer flooding
prediction, but it is computationally demanding:
a single high-resolution sector model of a Tengiz-
type carbonate complex may require 48—120 hours
of Central Processing Unit (CPU) time per realisation,
rendering  probabilistic  uncertainty  analyses
and real-time operational decisions practically
infeasible [8]. This gap creates a compelling
motivation for surrogate modelling approaches
that can achieve near-simulation accuracy at
a fraction of the computational cost.

Machine learning methods have demonstrated
growing utility in enhanced oil recovery (EOR)
prediction tasks over the past decade. Early
applications used artificial neural networks
to correlate recovery factor with reservoir quality
indices [9, 10]. More recently, ensemble tree
methods-gradient boosting in particular-have shown
superior predictive performance on tabular petroleum
engineering datasets due to their native handling
of mixed feature types, robustness to outliers,
and interpretability through feature importance
and SHAP (SHapley Additive exPlanations)
values [11, 12]. Nevertheless, a critical weakness of
purely data-driven models is their potential to produce
physically implausible outputs: for example, predicting

B4 e

increased injectivity as salinity rises, contrary
to the well-established HPAM adsorption-degrada-
tion mechanism [13]. Physics-informed machine
learning (PIML) addresses this by embedding
physical constraints-either as penalty terms
in the loss function, as hard constraints on the output
layer, or as physics-derived feature transformations-
thereby combining the flexibility of statistical lear-
ning with the consistency guarantees of first-princip-
les models [14, 15].

The present study makes the following specific
contributions to the literature:

1. A curated, quality-controlled dataset
of 412 polymer flooding operations-the largest
yet assembled for Kazakhstani and Central Asian
carbonate reservoirs-is constructed and made
partially available.

2. A physics-informed gradient boosting frame-
work is developed in which a penalty term derived
from the Darcy-scale polymer transport equation
is integrated into the XGBoost loss function.

3. The model is validated against full composi-
tional simulation using the Uzen carbonate pilot
as a case study, demonstrating agreement within
+1.8% absolute in incremental recovery factor.

4. SHAP-based sensitivity analysis provides
quantitative ranking of feature importance, yielding
physically interpretable and actionable guidance
for field engineers.

Materials and methods

Dataset Construction and Feature Engineering
The primary dataset comprises 412 observations
drawn from three sources: (i) 187 records from
peer-reviewed SPE and EAGE publications

on polymer flooding pilots in carbonate
and mixed carbonate-clastic systems world-
wide with reservoir conditions comparable

to Pre-Caspian Basin formations (temperature
60-130°C, salinity 30-250 g/L Total Dissolved So-
lids (TDS); (ii) 143 records from internal operatio-
nal reports of Tengizchevroil (TCO), Karachaganak
Petroleum Operating (KPO), and Ozenmunaigas
(OMG) polymer injection pilots conducted bet-
ween 2008 and 2024; and (iii) 82 records from
the publically accessible United States Department
of Energy EOR database after filtering for chemi-
cally comparable systems.

For each observation, 18 input features were
extracted (Tab. 1). The target variables are: (a)
incremental oil recovery factor ARF(%), defined
as the difference between the final recovery factor
achieved with polymer flooding and the estimated
recovery under continued waterflood; and (b)
injectivity ratio (2), the ratio of polymer injection
rate to baseline water injection rate at equivalent
bottomhole pressure:

)

Missing values (6.3% of cells overall) were imputed
using an iterative  random-forest  imputer

IR = polymer/lwater
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(Iterativelmputer, scikit-learn v1.4.2). The cate-
gorical polymer type variable was one-hot encoded.
All continuous features were standardised to zero
mean and unit variance prior to training of the artificial
neural networks (ANN) and support vector regression
(SVR) baselines; GBR is invariant to monotonic
feature scaling but the standardised set was also
used for interpretable SHAP value comparison.

Theoretical Background: Polymer Transport
and the Physics-Informed Penalty

The transport of polymer in a porous medium
is governed by an advection-dispersion-reaction
equation that, in one-dimensional form and neg-
lecting dispersion, reduces to [16]:

Table 1. Input feature set and descriptive statistics (N = 412)

# Feature Symbol Units Mean Std Dev Min Max
1 |Porosity ¢ fraction 0.121 0.038 0.042 0.221
2 |Permeability (geometric mean) k mD 87.4 142.6 1.2 1240
3 |Permeability variation coefficient Ve - 0.68 0.19 0.21 0.96
4 |Net-to-gross ratio NTG fraction 0.54 0.17 0.18 0.91
5 |Reservoir temperature T °C 82.3 18.7 56 131
6 |Reservoir pressure P, MPa 241 9.8 9.4 58.2
7 |Qil viscosity at reservoir conditions H, mPa-s 4.87 3.21 0.82 18.6
8 |Formation water salinity (TDS) S, gL 112.4 62.7 28 248
9 |[Divalent ion concentration (Ca?* + Mg?*) C. mg/L 3840 2210 180 9600
10 |Initial water saturation S, fraction 0.243 0.071 0.10 0.43
11 [Polymer type (HPAM / Xanthan / APG) categorical - - - -

12 [Polymer concentration [ mg/L 1240 580 200 3000

13 |Polymer molecular weight M, MDa 124 5.2 3.0 22.0

14 |Degree of hydrolysis DH % 273 6.8 15 40

15 |Pore volume injected at pilot end PVI PV 0.82 0.37 0.18 2.10

16 |Pattern area A ha 48.2 61.4 21 310

17 |Injector-producer ratio IPR - 1.42 0.61 0.5 4.0

18 [Initial water cut before EOR WwC, fraction 0.74 0.14 0.41 0.97

APG - Alkyl Polyglucoside

ac, . p(1- )06, % _, 3) viscosity, A is.th.e relaxation time, y is the shear rate,
at & ot ox and a, n are fitting parameters.

vyhere Cp is the in-situ polymer concentration (kg/m?),
Cp is the adsorbed polymer concentration
(kg/kg rock), p,is the rock grain density (kg/m®),
u is the Darcy flux (m/s), and x is the spatial
coordinate. The adsorption isotherm for HPAM
on carbonate surfaces is commonly described by
the Langmuir relationship:

o Comax b G,

T )
where ¢ oo 1S the maximum adsorption capacity
(ug/g rock) and b, is the Langmuir coefficient
(m®kg). The apparent viscosity of the polymer
solution is modelled by the Carreau-Yasuda equation
accounting for shear-thinning:

terr(Cpp¥) = too + (10(Cp) — o) [1 + (AP)3] =D/ (5)

where y, (C ) is the zero-shear viscosity (a function
of polymer concentration), u_ is the infinite-shear

Loyg =L +4 max | 0,
g MSE 1; <
where B is the mini-batch, 1,=0.15 and A,=0.12
are penalty weights tuned via a grid search
on the validation set, and the partial derivatives
are evaluated numerically by finite difference
on the model predictions.

IIR;
0Cqiv,i

From these governing equations, two physics-derived
inequality constraints are formulated for embedding
in the machine learning (ML) loss function:
Constraint 1 (Salinity-Injectivity Monotonicity):
An increase in divalent ion concentration must
not increase polymer injectivity, because divalent
cations promote HPAM adsorption and precipitation.
Formally: 8IR/dC,, <0.

Constraint 2 (Concentration-Viscosity Mono-
tonicity): Increasing polymer concentration at fixed
molecular weight must not decrease effective
viscosity. Formally: aueﬁ/ac >0, which by the mo-
bility ratio argument ~implies 9ARF/0C 20up up
to the adsorption saturation limit.

These constraints are incorporated as soft penalties
added to the XGBoost objective function during
training. The augmented loss Loy is defined as:
2 AARF\

) +122max<0, acpj)

i€B

(6)

Model Architecture and Training

Three ML models were trained and benchmarked:
Gradient Boosting Regression (GBR / XGBoost):
XGBoost v2.0.3 with the physics-informed
augmented loss. Key hyperparameters after
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Bayesian optimisation (Optuna v3.6): number
of estimators n=620; maximum tree depth d=6;
learning rate n=0.032; subsample ratio 0.78; column
sample by tree 0.72; L2 regularisation A, =1.4.
Artificial Neural Network (ANN): Four-layer fully
connected network with architecture [18 — 128 —
64 — 32 — 1], RelLU activations, dropout rate
0.25, trained with Adam optimiser (Ir = 0.001)
for 500 epochs with early stopping (patience = 30)
on mean squared error.

All models were trained on an 80% stratified random
split (329 samples) and evaluated on the held-out
20% (83 samples). Stratification was performed
on quartiles of ARF to ensure representative target
distribution in both sets. Five-fold cross-validation
was used for hyperparameter optimisation.
Performance metrics reported include R?, RMSE
(%), and mean absolute error MAE (%).

Results

Support Vector Regression (SVR): Radial Predictive Performance Comparison
basis function kernel; regularisation parameter Tab. 2 summarises the predictive accuracy of all
C=12.4; epsilon €=0.08; optimised by grid models on the held-out test set for both target
search. variables.
Table 2. Model performance on held-out test set (N = 83)

Model ARF R? ARF RMSE (%) | ARF MAE (%) IRR? IR RMSE IR MAE

SVR 0.857 3.41 2.68 0.821 0.068 0.051

ANN 0.891 2.94 2.23 0.863 0.059 0.044

GBR (unconstrained) 0.918 2.46 1.89 0.896 0.051 0.038
GBR + Physics (proposed) 0.924 2.31 1.76 0.911 0.047 0.035
Full simulation (baseline) 1.000 0 0 1.000 0 0

The proposed physics-infformed GBR model
achieves the highest accuracy across both targets,
reducing RMSE by 6.1% relative to unconstrained
GBR for ARF. More significantly, the physics
penalty reduced the fraction of predictions violating

Constraint 1 (negative IR response to divalent
salinity) from 14.2% to 3.1% of test observations
(@ 78% reduction), and violations of Constraint
2 from 9.7% to 2.4%.

Figure 1. Scatter plot of predicted vs. observed incremental recovery factor (ARF, %) for the four models
on the 83-sample test set

Each panel shows: x-axis = observed ARF (0-25%); y-axis = predicted ARF (0-25%); identity line in red; 95% prediction

interval bands in shaded grey. Points coloured by reservoir permeability variation coefficient V, (blue = low heterogeneity,

yellow = high heterogeneity). The physics-informed GBR panel shows the tightest point cloud around the identity line, with

notably fewer outliers in the high-V, (high-heterogeneity) region.

3G e

DOI: 10.54859/kjogi109013



OPUI'MHAJIbHBIE UCCJIEJJOBAHUA

Tom 8, Ne 3 (2026)

BectHuk Hedrera3osoii orpacin Kasaxcrana

Figure 2. SHAP beeswarm plot for incremental recovery factor (ARF) prediction
x-axis: SHAP value (impact on model output, % ARF units); each point represents one observation coloured by feature value

(blue = low, red = high). Features ranked top to bottom by mean
SHAP Feature Importance Analysis

SHAP values were computed for the physics-
informed GBR model using TreeExplainer (SHAP
v0.45). Figure 2 presents the global feature
importance beeswarm plot for ARF prediction.

The permeability variation coefficient
V, emerges as the most influential feature (mean
|SHAP| = 3.82%), consistent with the fundamental
role of reservoir heterogeneity in controlling polymer
sweep efficiency [17]. Polymer concentration Cp
ranks second (2.94%), and formation water salinity S|
(TDS) third (2.61%). The negative SHAP contribution

|SHAP| value. The three dominant features are Ve Cp, and S,

of high S values confirms the known mechanism
of HPAM viscosity loss in saline environments and
validates the physical interpretability of the model.

Sensitivity Analysis: Polymer Concentration
and Salinity Effects

To further validate model behaviour against physical
expectations, partial dependence plots were
generated by varying C (200-3000 mg/L) and S
(30—250 g/L) while holdlng all other features at their
median values. Tab. 3 summarises the predicted
ARF and IR at selected values.

Table 3. Predicted ARF and IR as functions of polymer concentration and salinity
(all other features at median values)

C, (mglL) S, =50gL S, =100g/L S, =150 glL S, =200g/L
500 ARF =6.2%, IR =0.91 ARF =5.4%, IR = 0.87 ARF =4.3%, IR = 0.82 ARF =3.1%, IR =0.74
1000 ARF =9.8%, IR =0.85 ARF = 8.6%, IR = 0.81 ARF =7.1%, IR =0.76 ARF =5.2%, IR = 0.68
1500 ARF =13.1%, IR = 0.79 ARF = 11.4%, IR = 0.74 ARF =9.6%, IR =0.70 ARF =7.1%, IR = 0.62
2000 ARF =15.4%, IR = 0.74 ARF =13.2%, IR = 0.70 ARF = 11.0%, IR = 0.65 ARF =8.1%, IR = 0.57
2500 ARF = 16.2%, IR = 0.70 ARF = 13.8%, IR = 0.65 ARF = 11.4%, IR = 0.60 ARF =8.3%, IR = 0.53

The table reveals a diminishing returns relationship
between C and ARF: incremental gain per 500 mg/L
increment 'decreases from 3.6% (500—1000 mg/L
atSs =50 g/L) to 0.8% (2000—2500 mg/L), which

is consistent with Langmuir adsorption saturation.
The monotonic decrease in both ARF and IR
with increasing salinity confirms the physics-imposed
constraints are operative in the trained model.

Figure 3. 3D surface plot of predicted ARF (z-axis, %) as a function of polymer concentration Cp
(x-axis, mg/L) and formation water salinity S (y-axis, g/L TDS)

All other features held at median values. Surface coloured by ARF magnitude

at ARF intervals of 2%.

lue = low, red = high). Isocontour lines plotted
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Case Study: Uzen Carbonate Pilot Validation
The Uzen field (Mangistau Region) operates
a polymer flooding pilot covering 3 injectors
and 8 producers in the Lower Triassic carbonate
reservoir (J-XIIl horizon, average k = 62 mbD,
V,=0.74, T = 78°C, TDS = 138 g/L). A benchmark
comparison was made between the ML surrogate,
the full Eclipse 300 compositional simulation,
and the actual field performance recorded over
36 months of polymer injection.

absolute at all evaluated Pore Volumes Injected
(PVI) checkpoints, with a final ARF of 12.6% vs.
the simulation value of 12.8%. The model
also correctly captures the field-observed final
ARF of 12.1% within its prediction uncertainty
band (+2.5% at the 95% confidence level).
The computational advantage is dramatic:
the surrogate requires less than 1 second per
evaluation versus approximately 72 hours
for the full compositional simulation, a speedup

The ML surrogate reproduces the Eclipse exceeding five orders of magnitude.
300 incremental recovery profile within +1.8%
Table 4. Uzen carbonate pilot validation: ML surrogate vs. full simulation vs. field data
Evaluation metric Full simulation (Eclipse 300) Physi((::;i:;z;r::;d CBR Relative error vs. simulation
ARF at PVI = 0.5 (%) 5.8 5.6 -3.4%
ARF at PVI = 1.0 (%) 9.4 9.6 +2.1%
ARF at PVI = 1.5 (%) 1.7 11.9 +1.7%
Final ARF (PVI = 1.82) (%) 12.8 12.6 -1.6%
Injectivity ratio IR 0.71 0.73 +2.8%
Field observed ARF (%) 121
CPU time (single evaluation) ~72 hours <1 second

Figure 4. Recovery factor increment ARF (%) as a function of pore volumes injected (PVI)
for the Uzen carbonate pilot
Three curves are plotted: (1) Eclipse 300 full simulation (solid black line); (2) physics-informed GBR surrogate + 95%
confidence interval (blue line with shaded band); (3) actual field data points (red diamonds, six measurement intervals over
36 months). x-axis: PVI (0 to 2.0); y-axis: cumulative ARF (0 to 16%); legend in upper left corner.

Discussion

The 78% reduction in Constraint 1 violations (salinity-
injectivity monotonicity) attributable to the phy-
sics penalty is particularly noteworthy. Without the pe-
nalty, unconstrained GBR occasionally predicted
positive injectivity responses to increasing divalent
ion concentration in the 50-150 mg/L C,, range,
a physically implausible outcome attributable
to spurious correlations in the ftraining data
where high-salinity reservoirs sometimes coinci-
dentally received higher concentration polymer
slugs. The physics penalty effectively suppresses
these artefacts by imposing the thermodynamically
consistent monotonic relationship as a soft con-
straint, rather than relying on the training data alone
to encode it.

FQ e
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This finding aligns with the broader PIML literature:
Raissi, et al.,, [14] and Karniadakis, et al., [15]
demonstrated that physics constraints provide
the most performance gain precisely when training
data are sparse or contain conflating correlations-
conditions that characterise petroleum engineering
datasets assembled from heterogeneous field
operations.

Dominant Role of Permeability Heterogeneity

The SHAP analysis confirms that V, (Dykstra-Parsons
coefficient) is the single most influential predictor
of ARF, consistent with the theoretical framework
of Stiles [18] and the extensive simulation study
of Sorbie [5]. In highly heterogeneous reservoirs
(V, > 0.8), the polymer viscosity improvement
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alone may be insufficient to correct the unequal
layer flux distribution; in such cases, cross-linked
polymer or polymer-surfactant combinations
may be necessary [19]. The ML model implicitly
captures this threshold behaviour through the gra-
dient boosting interaction terms, as evidenced
by the strongly nonlinear SHAP dependence plot
for V, (not shown in full here for brevity).

Economic Screening Implications for Ka-
zakhstani Fields
The 5-orders-of-magnitude speedup over full

simulation (sub-second vs. 72 hours) enables
uncertainty quantification workflows previously
inaccessible for polymer EOR projects in Kazakh-
stan. For example, a Monte Carlo analysis sampling
10,000 reservoir realisations-routine in modern
probabilistic reserves assessment-is completed
in less than 3 hours with the surrogate, versus
an estimated 72,000 CPU-hours with Eclipse 300.
This capability aligns with Kazakhstan’s national
EOR development strategy targeting substantial
additional oil recovery through chemical flooding
over the coming decade.

The model also provides actionable guidance
for polymer selection and slug design. For the me-
dian Kazakhstani carbonate reservoir conditions
in the dataset (k = 87 mD, V, = 0.68, T = 82°C,
TDS = 112 g/L), the surrogate predicts an optimal
polymer concentration window of 1200-1600 mg/L,
with  diminishing returns above 1800 mg/L.
This range is consistent with the laboratory
coreflooding results of Seitenova, et al. [20]
for Tengiz-type dolomite cores at comparable
conditions.

Limitations

Several limitations of the present study should be
acknowledged. First, the dataset, while the largest
assembled for this class of operations in Central
Asian carbonates, contains 25% records from global
analogue fields rather than Kazakhstani assets;
transfer learning penalties may introduce bias for
extreme reservoir conditions outside the Kazakh-
stani range. Second, the physics constraints
embedded are one-dimensional and steady-state;
they do not capture transient polymer propagation
front dynamics or near-wellbore rheological effects,
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which may be significant in radial flow geometries.
Third, the model was trained and validated
at the field-segment scale; extrapolation to individual
well predictions requires additional well-level training
data currently not available in the dataset. Future
work will address these limitations through (i) active
learning data acquisition from ongoing Kazakhstan
pilot programmes, (ii) incorporation of graph neu-
ral network architectures to capture spatial well
connectivity, and (iii) extension of physics constraints
to capture two-dimensional sweep patterns using
proxy streamline models.

Conclusion

This study presented and validated a physics-
informed gradient boosting surrogate model
for predicting polymer flooding performance
in heterogeneous carbonate reservoirs of Kazakh-
stan’s Pre-Caspian Basin. The following conclusions
are drawn:

1. The physics-informed GBR model achie-
ved R?=0.924, RMSE = 2.31% for incremental
recovery factor prediction on the held-out test set,
outperforming ANN, SVR, and unconstrained GBR
baselines across all evaluated metrics.

2. Embedding physics-derived inequality con-
straints (salinity-injectivity monotonicity and concen-
tration-viscosity monotonicity) as soft penalty terms
in the XGBoost loss function reduced physica-
lly inconsistent predictions by 78% compared
to unconstrained GBR, substantially improving
model trustworthiness for operational deployment.
3. SHAP analysis identified the Dykstra-Parsons
permeability variation coefficient V,, polymer
concentration Cp, and formation water salinity S
as the three dominant predictors of ARF, consistent
with established polymer flooding theory.

4. Validation against Eclipse 300 full composi-
tional simulation and actual field measurements
on the Uzen J-XIIl carbonate pilot confirmed sur-
rogate accuracy within +1.8% absolute in incremental
recovery factor, while delivering a computational
speedup exceeding five orders of magnitude.

5. The surrogate framework enables Monte Carlo
uncertainty quantification and EOR candidate
screening at field portfolio scale within practical
computational budgets, directly supporting Kazakh-
stan’s national EOR development objectives.

AONONHUTENBbHO

UcTouyHuK chuHaHcupoBaHUA. ABTOPbI 3aABMAIOT
06  OTCYTCTBMM  BHELIHEro  UHaHCMPOBaHMWS
npu NpoBeAeHUN NCCNEfOBaHNS.

KoHcdnukt wuHTepecoB. ABTOpbl [eknapupylot
OTCYTCTBME SIBHbIX W MOTEHUMAnbHbIX KOH(UKTOB
MHTEPECOB, CBSA3aHHbIX C Nybnukauuen HacTosLen
crartbu.

Bknap aBTopoB. Bce aBTOpbl nogTBEpxaaroT
COOTBETCTBME CBOEr0 aBTOPCTBA MEXAYHapOAHbLIM
kputepusm ICMJE (Bce aBTOpbl BHECNU CYLLECT-
BEHHbIN  BKMag B paspaboTky  KoHuenuuw,
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