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Abstract 

This paper investigates the problem of identifying low-resistivity low-contrast (LRLC) 

reservoirs in interbedded sand-shale sequences, which remains a major challenge in petrophysical 

log interpretation. A Fourier Neural Operator (FNO)-based facies classification framework is 

proposed to overcome the limitations of conventional resistivity-based methods that often 

misclassify thin hydrocarbon-bearing sandstone layers due to insufficient vertical logging 

resolution. The approach learns the mapping from multi-log petrophysical data to a depth-

continuous facies probability field. A physics-based synthetic dataset is generated using Archie’s 

equation, the Thomas–Stieber horizontal resistivity model, and a tool-averaging operator to 

simulate sub-resolution effects. Three facies classes are considered: C0 (shale), C1 (LRLC 

sandstone), and C2 (clean sandstone). The developed FNO model achieves a macro-F1 score of 

0.952 and a C1-specific F1 score of 0.892, outperforming an XGBoost baseline. The results also 

demonstrate stable performance across different depth-sampling intervals without retraining, 

confirming the resolution-invariant nature of neural operators and their suitability for LRLC 

facies classification. 
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Seysmik mənbələrin lokallaşdırılmasından petrofiziki fasiyaların təsnifatına: 

Furye Neyron Operatorunun tətbiqi 

K.R. Süleymanlı, R.Y. Əliyarov 

Azərbaycan Dövlət Neft və Sənaye Universiteti (ADNSU) 

Neftin, qazın geotexnoloji problemləri və kimya Elmi Tədqiqat İnstitutu (Bakı, Azərbaycan) 

 

Xülasə 
Məqalədə qum-şist ardıcıllıqlarında yerləşən aşağı müqavimətli, aşağı kontrastlı (LRLC) 

kollektorların müəyyən edilməsi problemi araşdırılmışdır. Standart karotaj alətlərinin məhdud şaquli 

ayırdetmə qabiliyyəti səbəbindən nazik karbohidrogenli qumdaşı laylarının səhv təsnifatını aradan 

qaldırmaq məqsədilə Furye Neyron Operatoru (FNO) əsaslı fasiya təsnifatı yanaşması təklif edilmişdir. 

Metod çoxsaylı karotaj məlumatlarından dərinlik üzrə davamlı fasiya ehtimal sahəsinin qurulmasına 

əsaslanır. Fizika əsaslı sintetik məlumat dəsti Arçi tənliyi, Tomas–Stiber üfüqi müqavimət modeli və alət 

ortalaması operatoru tətbiq edilməklə formalaşdırılmışdır. Tədqiqatda C0 (şist), C1 (LRLC qumdaşı) və 

C2 (təmiz qumdaşı) olmaqla üç fasiya sinfi nəzərdən keçirilmişdir. Təlim keçmiş FNO modeli 0.952 

makro-F1 və C1 sinfi üçün 0.892 F1 göstəricisi əldə edərək XGBoost baza modelini üstələmişdir. 

Nəticələr modelin müxtəlif dərinlik nümunələmə intervallarında yenidən təlim keçmədən sabit işlədiyini 

göstərmiş və neyron operatorlarının qətnamə invariantlığı xüsusiyyətini təsdiqləmişdir. 

Açar sözlər:  Furye Neyron Operatoru, fasiya təsnifatı, LRLC kollektoru, petrofiziki karotaj 

interpretasiyası, Tomas-Stiber modeli. 

 

От локализации сейсмических источников к классификации 

петрофизических фаций: применение Фурье-нейронного оператора 

К.Р. Сулейманлы, Р.Ю. Алияров 
Азербайджанский государственный университет нефти и промышленности (АГУНП) 

Научно-исследовательский институт «Геотехнологические проблемы нефти, газа и 

химии» (Баку, Азербайджан) 

 

Аннотация 
В статье исследуется задача идентификации низкоомных низкоконтрастных (LRLC) 

коллекторов в переслаивающихся песчано-глинистых толщах, которая остается одной из основных 

проблем интерпретации данных петрофизического каротажа. Для преодоления ограничений 

традиционных методов, основанных на удельном сопротивлении и часто ошибочно 

классифицирующих тонкие углеводородосодержащие пласты песчаника, предложен подход 

классификации фаций на основе Фурье-нейронного оператора (FNO). Метод основан на обучении 

отображения от многокаротажных петрофизических данных к непрерывному по глубине полю 

вероятности фаций. Физически обоснованный синтетический набор данных сформирован с 

использованием уравнения Арчи, модели горизонтального сопротивления Томаса–Стайбера и 

оператора усреднения каротажного прибора. Рассмотрены три класса фаций: C0 (сланец), C1 

(песчаник LRLC) и C2 (чистый песчаник). Обученная модель FNO достигла значения macro-F1 

0.952 и F1 для класса C1, равного 0.892, превзойдя базовую модель XGBoost. Полученные 

результаты также показали устойчивую работу модели при различных интервалах дискретизации 

по глубине без дополнительного обучения, что подтверждает свойство инвариантности к 

разрешению и перспективность применения нейронных операторов для классификации фаций 

LRLC. 

Ключевые слова:  Фурье-нейронный оператор, классификация фаций, коллектор LRLC, 

петрофизическая интерпретация каротажа, модель Томаса–Стайбера 
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Introduction 

Accurate identification of reservoir 

facies from petrophysical well logs is a 

prerequisite for volumetric estimation, 

completion design, and production forecasting. 

In clastic sequences characterised by 

interbedded sand and shale, this identification 

task is complicated by the low-resistivity low-

contrast (LRLC) phenomenon, in which 

hydrocarbon-bearing thin sand beds exhibit 

resistivity values indistinguishable from 

adjacent shale layers when measured by 

conventional induction or laterolog tools [1,2]. 

The root cause is geometric: when individual 

sand laminations are thinner than the vertical 

resolution of the logging instrument, the tool 

integrates the conductivities of multiple layers, 

producing an apparent resistivity that reflects 

the laminated bulk rather than the individual 

sand member. The resulting log signature – 

moderate gamma ray, intermediate density, 

and low resistivity — mimics the response of a 

shale interval, leading interpreters to assign 

non-reservoir status to potentially productive 

zones. 

Machine learning methods have been 

proposed as a means to exploit multi-log 

patterns that are invisible to single-curve 

thresholding. Supervised classifiers such as 

support vector machines, random forests, and 

gradient-boosted trees operate on a point-wise 

basis: a feature vector constructed from log 

values at a single depth sample is mapped to a 

class label without reference to the 

stratigraphic context of surrounding samples 

[3,4]. This architectural limitation is 

consequential for LRLC detection, because the 

identifying signature of a thin bed is precisely 

its spatial extent relative to the tool window – 

information that is inherently non-local. 

Convolutional and recurrent neural networks 

introduce receptive fields over depth 

sequences, but they remain architecturally tied 

to the fixed discretisation of the training data 

and must be retrained when a different 

sampling interval is encountered [5]. 

Neural operators, introduced by Li et al. 

[6]as the Fourier Neural Operator (FNO), 

address this limitation at the architectural 

level. Rather than learning a mapping between 

finite-dimensional vectors, an operator maps 

between function spaces: the input and output 

are continuous functions, and the learned 

operator is discretisation-invariant by 

construction. The FNO has been applied to a 

range of computational physics problems, 

most notably the solution of parametric partial 

differential equations in fluid mechanics and 

wave propagation. In the geoscientific domain, 

Suleymanli and Waheed (2023) [7] and 

Abdullin et al. (2025) [8] demonstrated that an 

FNO trained on first-arrival traveltimes at 

surface receivers learns the mapping to a full 

traveltime field across the computational 

domain, with the hypocenter of a microseismic 

event identified as the minimum of the 

predicted field. The key properties exploited in 

that context – resolution invariance, rapid 

inference from a single forward pass, and 

generalisation across new source 

configurations without retraining – are equally 

desirable in the facies classification setting. 

This paper establishes the formal 

analogy between these two problems and 

proposes a 1-D FNO architecture for 

petrophysical facies classification. The 

governing physics differs: the seismic problem 

is constrained by the eikonal equation, 

whereas the petrophysical problem is governed 

by rock physics relations including Archie's 

law and the Thomas–Stieber laminated shale 

model. However, the operator learning 
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formulation is identical in structure, and the 

same architectural elements – spectral 

convolution blocks, a depth-coordinate lifting 

layer, and fully connected output projection – 

are directly transferable. The method is 

evaluated on a synthetic dataset generated by a 

physics-based forward model designed to 

reproduce the LRLC blurring effect, using 

parameters representative of Pliocene clastic 

reservoirs. 

The primary contributions of this work 

are: (i) the first formal derivation of the 

operator learning analogy between 

microseismic source localisation and 

petrophysical facies classification; (ii) a 1-D 

FNO architecture for depth-sequence facies 

prediction with demonstrated LRLC 

sensitivity; and (iii) quantitative evidence of 

resolution invariance across a fourfold range 

of sampling intervals, a property not 

achievable by conventional point-wise 

classifiers. Analytical modeling of interface 

states using established physics-based methods 

has also proven valuable in other engineering 

contexts; for example, the thermo-deformation 

state arising at the contact interface of a laser-

hardened plunger-barrel pair can be 

analytically modeled using the Kolosov–

Muskhelishvili complex potentials method, 

enabling more accurate prediction of contact 

temperature, stress distribution, and wear 

resistance under friction-induced loading [11]. 

Purpose of the Work 

The purpose of this work is to 

investigate the applicability of the Fourier 

Neural Operator (FNO) framework to 

petrophysical facies classification in low-

resistivity low-contrast (LRLC) reservoirs. 

The study aims to evaluate whether operator 

learning can improve thin-bed identification 

and provide resolution-invariant facies 

predictions from petrophysical well logs. 

 

Problem Statement 

Conventional resistivity-based inter-

pretation methods and point-wise machine 

learning models often fail to accurately 

identify thin hydrocarbon-bearing LRLC 

sandstone layers because logging tools blur 

sub-resolution geological features and local 

classifiers cannot effectively exploit spatial 

context. Therefore, there is a need for a 

methodology capable of learning depth-

continuous relationships from multi-log data 

while maintaining performance across 

different sampling resolutions. 

 

Problem Solving 

 Operator Learning Framework. 

 The Seismic Source Localisation 

Problem. In the FNO-based microseismic 

source localisation framework of Suleymanli 

and Waheed [7], the governing physics is 

expressed by the eikonal equation: 

|∇T(x)|² = 1 / v²(x),    ∀x ∈ Ω,    T(xs) = 0  (1) 

where T(x) is the first-arrival traveltime at 

point x, v(x) is the subsurface P-wave velocity, 

and xs denotes the source location. The FNO 

learns the operator Gseis that maps from 

traveltime observations recorded at surface 

receivers to the full traveltime field defined 

over the entire domain: 

Gseis : { T(xr) : xr ∈ R } → T(x), ∀x ∈ Ω (2) 

The source location is recovered as 

argmin T(x). Once trained, the model performs 

this inversion in a single forward pass for any 

new observation set, without retraining. 

The Facies Classification Problem. 

The petrophysical facies classification problem 

is formulated in direct analogy. Let z ∈ [0, Z] 

denote depth and let u(z) = [GR(z), RHOB(z), 
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NPHI(z), log₁₀Rt(z)] be the vector of 

petrophysical log measurements at depth z. 

The target is a depth-continuous facies 

probability field p(z) ∈ ℝK, where K = 3. The 

FNO for facies classification learns the 

operator: 

Gfacies: u(z) → p(z),    z ∈ [0, Z]       (3) 

The predicted facies label at each depth 

is f(z) = argmaxc pc(z). Table 1 presents the 

structural analogy between the two operator 

learning problems. 

 

Table 1 – Structural analogy between microseismic source localisation and petrophysical facies 

classification under the operator learning framework. 

 

Element Seismic Localisation Facies Classification 

Governing physics Eikonal equation Archie / Thomas–Stieber 

Input function Traveltimes at receivers T(xr) 
Log vector u(z) = [GR, RHOB, NPHI, 

log Rt] 

Output function Traveltime field T(x) Facies probability field p(z) 

Answer argmin T(x) → source location argmax p(z) → facies label 

Key property 
Resolution-invariant, single forward 

pass 

Resolution-invariant, cross-well 

generalisation 

 

 

 FNO Architecture. The 1-D FNO 

architecture used in this study (Figure 1) 

follows the design of Abdullin et al. [8] The 

input log vector u(z) is augmented with a 

normalised depth coordinate and lifted to a 

higher-dimensional channel space through a 

linear layer of width W = 24. Three spectral 

convolution blocks then process the lifted 

representation. Each block applies a fast 

Fourier transform (FFT) along the depth axis, 

retains the M = 12 lowest-frequency modes, 

applies a learnable complex weight matrix in 

the spectral domain, and returns to the spatial 

domain via an inverse FFT. A pointwise 

Conv1d bypass is added within each block to 

capture local features not well represented by 

low-frequency modes. Non-linearity is 

introduced by the GELU activation function. 

The final representation is projected to K = 3 

class logits through two fully connected layers 

of dimensions W→64→3. Total trainable 

parameters: approximately 47,000. 

 

Synthetic Dataset and Forward Model. 

Facies Definitions and Petrophysical 

Properties. Three facies classes are defined: 

C0 (shale), C1 (LRLC fine-grained sandstone), 

and C2 (clean medium-to-coarse sandstone). 

Representative petrophysical properties after 

tool averaging are summarised in Table 2. The 

critical diagnostic feature is the near-

indistinguishable resistivity of C0 and C1 (C0: 

1–3 Ω·m; C1: 2–8 Ω·m after laminar shale 

dilution), which constitutes the defining 

characteristic of the LRLC problem. 
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Figure 1 – One-dimensional Fourier Neural Operator (FNO) architecture for petrophysical facies 

classification. The operator maps the input log function u(z) to the facies probability field p(z). Adapted 

from Abdullin et al.[8]. 

Table 2 – Petrophysical properties of the three facies classes after tool averaging. The arrow (←) for C1 

resistivity indicates the LRLC zone of overlap with C0 shale. 

 

Facies GR (API) RHOB (g/cc) NPHI (v/v) Rt (Ω·m) 

C0 – Shale 85–110 2.45–2.57 0.31–0.37 1.0–3.0 

C1 – LRLC Sand 44–70 2.28–2.45 0.16–0.23 2.0–8.0 ← 

C2 – Clean Sand 14–25 2.00–2.26 0.12–0.22 10–100 

 

Physics-Based Forward Model. Log 

responses are generated from facies 

assignments using established petrophysical 

equations. For the gamma ray log, a linear 

mixing model is applied: 

GR = GRclean + Vsh · (GRshale– 

− GRclean)                 (4) 

where Vsh is the shale volume fraction. Bulk 

density is computed from volumetric mixing 

of mineral and fluid components: 

RHOB = φ · (Sw · ρbrine + (1−Sw) · ρ_hc) + 

 (1−φ) · ρ_matrix              (5) 

For C2 clean sandstone, true formation 

resistivity is computed from Archie's equation 

[9]: 

Rt = a · Rw / (φm · Swn)            (6) 

with cementation exponent m = 2, saturation 

exponent n = 2, tortuosity factor a = 1, and 

formation water resistivity Rw = 0.08 Ω·m. 

For C1 LRLC sandstone, the Thomas–Stieber  

model [10] is applied to compute the 

horizontal resistivity of a laminated sand-shale 

system: 

1 / Rh = Vlam / Rsh + (1 − Vlam) / Rt_sand (7) 

where Vlam is the laminated shale volume 

fraction (0.50–0.75), Rsh is the shale 

resistivity (1.5–3.5 Ω·m), and Rt_sand is the 

Archie resistivity of the sand laminae. 

Equation 7 produces the characteristically 

suppressed horizontal resistivity that defines 

the LRLC response, yielding Rh values of 2–8 

Ω·m for C1 – directly overlapping with C0 

shale values of 1–3 Ω·m. 

Tool Resolution Averaging and Noise. 

Physical tool averaging is simulated by 

applying a uniform filter of window width 13 
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depth samples (≈ 6.5 m) to each raw log curve, 

consistent with the vertical resolution of 

standard induction tools in thin-bed 

environments. This operation is the critical 

source of LRLC ambiguity: C1 beds with 

thickness of 2–6 depth samples (1–3 m) are 

blurred into their C0 shale surroundings, 

producing the characteristic low-resistivity log 

signature. Gaussian noise with standard 

deviation equal to 8% of each log channel's 

standard deviation is subsequently added. 

 Dataset Construction. A total of 1,200 

synthetic wells, each comprising 200 depth 

samples at Δz = 0.5 m, are generated. Facies 

sequences are constructed with thickness 

distributions representative of each class: C0 

shale (15–40 samples), C1 LRLC sand (2–6 

samples, intentionally sub-resolution), and C2 

clean sand (8–20 samples). The dataset is split 

80/20 into training and test sets. Class-

weighted cross-entropy loss is applied during 

training, with weights inversely proportional to 

class frequency (C1: 12.2% of depth samples), 

to address the inherent imbalance imposed by 

the thin-bed regime. A representative synthetic 

well is shown in Figure 2. 

 

 
Figure 2 – Representative synthetic well showing forward-modelled petrophysical logs and facies 

distribution. Thin C1 (LRLC sandstone) intervals exhibit resistivity values overlapping with C0 shale after 

tool averaging. 

 

Results 

 Facies Classification Performance. 

The FNO is trained using the AdamW 

optimiser with learning rate 3×10−3 and 

cosine annealing over 60 epochs with batch 

size 64. The point-wise XGBoost baseline is 

trained on identical data using 200 trees of 

maximum depth 6, with sample weights 

matching the FNO class weighting. 
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Quantitative results on the held-out test set are 

presented in Table 3. 

The FNO achieves a macro-F1 of 0.952 

compared with 0.931 for XGBoost (+0.021). 

The most significant disparity is observed for 

the C1 LRLC sandstone class, where the FNO 

attains an F1 of 0.892 versus 0.845 for 

XGBoost – a gap of +0.047 points. For C0 

shale and C2 clean sandstone, where the log 

signatures are well-separated after tool 

averaging, both methods perform comparably 

(F1 > 0.970). The disproportionate advantage 

of the FNO on C1 confirms that the operator 

learning framework, by processing the entire 

depth sequence as a continuous function rather 

than individual point samples, captures the 

spatial footprint of thin beds that is invisible to 

point-wise classifiers.  

 

Table 3 – Classification performance: FNO vs XGBoost on held-out test wells (40,000 depth samples). 

C1 LRLC sandstone F1 (highlighted) is the primary diagnostic metric. 

 

Metric FNO XGBoost Δ (FNO−XGB) Advantage 

F1 – C0 Shale 0.983 0.978 +0.005 FNO 

F1 – C1 LRLC Sand 0.892 0.845 +0.047 FNO ✓ 

F1 – C2 Clean Sand 0.981 0.971 +0.010 FNO 

Macro-F1 0.952 0.931 +0.021 FNO 

Overall Accuracy 0.971 0.959 +0.012 FNO 

 

Figure 3 shows facies prediction tracks 

for three representative test wells alongside the 

true facies column. Red-shaded intervals 

indicate misclassified depth samples. The FNO 

correctly identifies thin C1 LRLC beds in 

cases where XGBoost assigns C0 shale labels 

– demonstrating the practical consequence of 

the architectural difference.  

Figure 4 presents per-class F1 scores and 

normalised confusion matrices for both 

models. The confusion matrices confirm that 

the predominant error mode is the confusion of 

C1 with C0 –  precisely the LRLC 

misclassification scenario – but this error is 

substantially more frequent for XGBoost than 

for the FNO.  

Resolution Invariance. The FNO is 

trained once at Δz = 0.5 m and evaluated on 

test wells resampled to Δz = 0.25 m (×2 finer) 

and Δz = 1.00 m (×2 coarser) via linear 

interpolation, without retraining. Results are 

presented in Table 4 and Figure 5. 
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Figure 3 – Facies predictions for three held-out test wells. True facies are compared with FNO and 

XGBoost predictions; red shading indicates misclassified depth samples. 

 

 

 

Figure 4 – (a) Per-class and macro F1 scores for the FNO and XGBoost models. (b, c) Normalised 

confusion matrices highlighting class-wise confusion, particularly between C1 (LRLC sandstone) and C0 

(shale). 
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Table 4 – Resolution invariance: macro-F1 and C1-LRLC F1 across three depth-sampling intervals. The 

FNO is not retrained for off-training-resolution evaluations. 

 

Sampling (Δz) FNO Macro-F1 XGB Macro-F1 FNO C1-F1 XGB C1-F1 

0.25 m (×2 finer) 0.944 0.923 0.876 0.824 

0.50 m (baseline) 0.947 0.921 0.879 0.816 

1.00 m (×2 coarser) 0.944 0.921 0.874 0.819 

 

The FNO macro-F1 varies by only 

±0.003 across the full fourfold range of 

sampling intervals. The C1-specific F1 shows 

similarly negligible degradation (0.874–

0.879). XGBoost, operating point-wise, 

exhibits comparable macro-F1 stability but 

consistently underperforms the FNO on C1 by 

0.050–0.060 F1 points across all resolutions, 

confirming that the architectural advantage of 

operator learning is resolution-independent. 

 

 

Figure 5 – Resolution invariance analysis: macro-F1 scores across different depth-sampling intervals for 

the FNO and XGBoost models. The vertical dashed line denotes the training resolution (Δz = 0.5 m). 

 

Discussion 

The results demonstrate that formulating 

petrophysical facies classification as an 

operator learning problem, rather than a point-

wise regression problem, yields a measurable 

and physically interpretable advantage on the 

LRLC identification task. The underlying 

reason is architectural: the FNO spectral 

convolution blocks process the entire depth 

function simultaneously in the Fourier domain, 

where low-frequency modes capture broad 

stratigraphic trends and higher modes encode 

the subtle spatial signatures of thin beds. A 

point-wise classifier receives no information 

about the neighbourhood of a given depth 

sample and therefore cannot exploit the 

characteristic spatial footprint – a narrow 

anomaly embedded within a thicker shale 
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background – that distinguishes a thin C1 bed 

from ambient C0 shale after tool averaging. 

The architectural correspondence with 

the seismic source localisation problem 

extends beyond analogy. In both settings, the 

operator maps from observations that are 

informationally incomplete with respect to the 

target quantity: traveltimes at a finite number 

of receivers do not uniquely constrain the full 

traveltime field without the physics of the 

eikonal equation; log values at a single depth 

sample do not uniquely constrain the facies 

without the spatial context of adjacent 

samples. The FNO addresses this 

incompleteness in both cases by learning the 

operator over the function space rather than 

fitting a finite-dimensional regression. The 

resolution invariance property emerges 

naturally and without additional engineering in 

both the seismic and petrophysical domains. 

Several limitations of the present study 

warrant acknowledgement. The synthetic 

forward model, while physically grounded, 

assumes layer-cake geometry and does not 

account for structural dip, borehole conditions, 

or invasion effects. The Thomas–Stieber 

model assumes perfectly horizontal 

laminations, which represents an idealisation 

of geometries observed in turbidite and deltaic 

depositional environments. The current 

implementation is one-dimensional; a two-

dimensional extension in which the FNO 

processes log-depth images across multiple 

wells simultaneously could capture inter-well 

stratigraphic correlation and further improve 

C1 detection. Future work will address the 

transfer of the trained operator to real well log 

data from the Productive Series of the South 

Caspian Basin, where the LRLC problem has 

direct economic significance, and to the Utah 

FORGE site, where well log data are publicly 

available. 

 

Conclusions 

This paper has presented the first 

application of Fourier Neural Operators to 

petrophysical facies classification, motivated 

by a formal analogy with FNO-based 

microseismic source localisation. The two 

problems share the same operator learning 

structure: both map from sparse function 

observations to a dense subsurface field, and 

both benefit from the resolution-invariant, 

single-forward-pass inference that defines 

neural operator architectures. The proposed 1-

D FNO achieves a macro-F1 of 0.952 on a 

synthetic dataset designed to reproduce the 

LRLC thin-bed blurring effect, with a C1-

specific F1 of 0.892, outperforming a point-

wise XGBoost baseline by +0.047 F1 points 

on the LRLC class. The model maintains this 

performance across a fourfold range of depth-

sampling intervals without retraining, 

confirming the resolution invariance that is the 

architectural hallmark of operator learning. 

These results establish operator learning as a 

principled framework for LRLC facies 

classification and motivate further 

development for application to real well log 

data in clastic reservoir characterisation. 
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