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The Koroshina Dolomite Formation is an important gas-bearing carbonate 

reservoir in the Sadad Gas Field, central Syria, where strong structural 

heterogeneity and limited well control make the prediction of reservoir properties 

challenging. This study aims to predict the spatial distribution of reservoir porosity 

within the Koroshina Dolomite Formation by integrating well-log data, two-

dimensional (2D) post-stack seismic data, seismic inversion, and artificial neural 

network modeling. Well-log data from the SADAD-1 and SADAD-2 wells were 

integrated with a migrated 2D seismic profile crossing both wells. Model-based 

post-stack seismic inversion was performed using Hampson–Russell software to 

obtain an acoustic impedance model constrained by well-log data. Seismic 

attributes derived from the inversion results were then analyzed and used as input 

variables for a Probabilistic Neural Network (PNN), with measured well-log 

porosity used as the target property. Porosity prediction using individual seismic 

attributes produced a correlation coefficient of approximately 39.7%, which 

increased to 75.1% when 28 seismic attributes were combined. The final PNN 

model achieved a correlation coefficient of approximately 83.5% between 

predicted and measured porosity. The resulting porosity model revealed 

pronounced lateral and vertical heterogeneity within the reservoir. Higher 

predicted porosity near the SADAD-2 well and the associated reverse-fault zone 

is interpreted as fracture-related secondary porosity, whereas lower-porosity areas 

are associated with compaction and cementation. These results demonstrate that 

integrating post-stack seismic inversion, seismic attributes, and PNN modeling 

can provide a practical approach for extending porosity prediction into interwell 

areas and improving characterization of structurally complex carbonate reservoirs. 

Keywords:  

Sadad Gas Field;  

Koroshina Dolomite;  

Seismic Inversion;  

Porosity Prediction;  

Probabilistic Neural 

Network 

1. Introduction 

The structural complexity of the Sadad area, 

particularly the presence of reverse faults and 

fracture systems, can affect the continuity and 

thickness of the Koroshina Dolomite reservoir and 

contribute to lateral variations in reservoir 

properties. This structural complexity is supported 

by the well data, particularly from SADAD-2, 

where a reverse fault has resulted in the repetition 

of part of the Koroshina Dolomite interval. The 

well-top data further indicate variations in the 

thickness of the investigated interval between 

SADAD-1 and SADAD-2, reflecting the structural 

complexity of the study area. These geological 
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variations can increase the uncertainty associated 

with predicting reservoir properties between wells 

[1–3,6]. 

Carbonate reservoirs host a substantial 

proportion of the world’s hydrocarbon resources; 

however, they are among the most challenging 

reservoir systems to characterize because of their 

pronounced heterogeneity. This heterogeneity is 

controlled by variations in depositional 

environments, diagenetic processes, and tectonic 

deformation, which can significantly affect the 

distribution and quality of reservoir properties. In 

particular, porosity and permeability may vary 

considerably both vertically and laterally, making 

accurate characterization and prediction of 

reservoir properties essential for effective 

reservoir evaluation and development [11–16]. 

In this geological context, the Sadad Gas Field, 

located in the western part of the Dou Basin, 

represents one of the important gas discoveries in 

central Syria. Although several exploration wells 

have been drilled in the field, well control remains 

relatively sparse over large areas. Furthermore, 

geological investigations indicate that structural 

deformation has significantly influenced reservoir 

continuity. In particular, the SADAD-2 well 

intersected a major reverse fault that repeated part 

of the Koroshina Dolomite Formation and affected 

reservoir continuity. This structural complexity 

contributed to the non-productive nature of the 

well despite the occurrence of fractured intervals 

[3–5,10]. 

Conventional petrophysical evaluation 

provides direct and reliable measurements of 

reservoir properties at well locations; however, it 

cannot adequately describe their spatial variation 

away from the wells. This limitation becomes 

particularly important in fields such as Sadad, 

where well control is relatively sparse and 

structural deformation affects reservoir continuity. 

In recent years, seismic inversion has become an 

effective technique for transforming seismic 

reflection data into acoustic impedance models 

that can be quantitatively related to reservoir 

properties. When integrated with seismic attribute 

analysis, seismic inversion can provide spatial 

information between wells and improve the 

characterization of heterogeneous reservoirs [11–

17]. 

Machine-learning techniques can further enhance 

the relationship between seismic-derived 

information and well-log measurements. Among 

the available machine-learning methods, the 

Probabilistic Neural Network (PNN) has 

demonstrated the ability to model nonlinear 

relationships between seismic attributes and well-

log data. Previous studies have applied PNN-based 

approaches to the prediction of reservoir 

properties, including porosity, permeability, and 

fluid-related parameters, demonstrating its 

potential for estimating petrophysical properties 

from seismic information [16,18]. Therefore, 

combining seismic inversion with PNN modelling 

provides a potential approach for extending well-

derived reservoir information into areas where 

direct well measurements are unavailable. 

Recent studies have further demonstrated the 

effectiveness of integrating seismic attributes and 

machine-learning techniques for reservoir 

characterization and porosity prediction. Topór 

and Sowiżdżał [19] applied machine-learning 

ensemble methods to multiple seismic attributes 

for porosity prediction in a carbonate reservoir and 

evaluated several machine-learning models for 

this purpose [19]. 

Sotelo et al. [20] applied probabilistic neural 

networks (PNN) and deep feedforward neural 

networks to post-stack seismic inversion using 

multiple seismic attributes, and compared their 

results with model-based inversion. The study 

generated porosity volumes and reported reliable 

PNN prediction when compared with well-log 

data [20]. 

Hosseinzadeh et al. [21] reviewed a range of 

seismic inversion approaches for reservoir 

characterization, including post-stack methods 

such as model-based inversion and machine-

learning-based approaches, emphasizing the role 

of seismic inversion in converting seismic 

reflection data into quantitative reservoir 

properties [21]. 

Although previous studies have 

demonstrated the effectiveness of seismic 

inversion, seismic attributes, and artificial neural 

networks for reservoir characterization and 

porosity prediction, most of these studies have 

focused on other geological settings and datasets. 

In particular, limited studies have investigated the 

integration of post-stack 2D seismic inversion 

with well-log data and a Probabilistic Neural 

Network (PNN) for porosity prediction in the 

Koroshina Dolomite Formation of the Sadad Gas 
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Field, Syria. Furthermore, the relationship 

between acoustic impedance derived from seismic 

inversion and well-log-derived porosity has not 

been sufficiently investigated in this field. 

Therefore, a research gap remains in developing 

and evaluating a field-specific workflow for 

predicting reservoir porosity in undrilled areas of 

the Sadad Gas Field. This study addresses this gap 

by integrating well-log data, 2D post-stack seismic 

inversion, seismic attributes, and a PNN to 

estimate reservoir porosity and extend the 

available well information into undrilled areas. 

Building on this identified research gap, the 

originality of the present study lies in the field-

specific integration of post-stack 2D seismic 

inversion, seismic attributes, well-log data, and a 

Probabilistic Neural Network (PNN) for porosity 

prediction in the Koroshina Dolomite Formation 

of the Sadad Gas Field. Rather than proposing a 

new inversion or machine-learning algorithm, this 

study focuses on the application and evaluation of 

an integrated workflow under the specific 

geological conditions of the Sadad Gas Field, 

where limited well control and fault-related 

reservoir heterogeneity present significant 

challenges for porosity prediction. The study 

further evaluates the relationship between seismic-

derived acoustic impedance and well-log-derived 

porosity and applies the integrated results to 

extend porosity estimation from existing wells into 

undrilled areas. This field-specific application 

provides a practical contribution to reservoir 

characterization and porosity prediction in a 

structurally complex carbonate reservoir. 

To address this research gap, the present 

study integrates post-stack 2D seismic inversion, 

acoustic impedance modelling, seismic attribute 

analysis, and Probabilistic Neural Network (PNN) 

modelling to predict the spatial distribution of 

porosity within the Koroshina Dolomite 

Formation in the Sadad Gas Field. The integration 

of well-log data with seismic-derived attributes 

provides a field-specific workflow for extending 

porosity estimation into undrilled areas and for 

evaluating the influence of structural 

heterogeneity on reservoir properties. The results 

are intended to improve reservoir characterization 

and provide additional information for future 

exploration and field development in the Sadad 

Gas Field. 

The Sadad Gas Field is located within the 

Daw Basin in central Syria, which forms part of 

the Palmyride tectonic province. The basin is 

characterized by a thick sedimentary succession 

ranging in age from the Paleozoic to the Cenozoic 

and has undergone several tectonic phases that 

significantly influenced its structural evolution 

and hydrocarbon accumulation. Compressional 

tectonic events associated with the development of 

the Palmyride Fold Belt generated numerous folds 

and reverse faults that controlled the geometry of 

the hydrocarbon traps and the distribution of 

reservoir properties [1,2]. 

The main reservoir investigated in this study 

is the Koroshina Dolomite Formation, which 

belongs to the Upper Triassic succession and 

represents one of the most productive carbonate 

reservoirs in the Daw Basin. The formation 

consists predominantly of crystalline and fractured 

dolomite with subordinate limestone, shale, and 

anhydrite interbeds. Owing to its favorable 

reservoir characteristics, the Koroshina Dolomite 

Formation constitutes the principal gas-bearing 

interval in the Sadad Gas Field and several 

neighboring hydrocarbon fields [2,6–8]. 

According to the reservoir subdivision 

adopted by the Syrian Petroleum Company, the 

Koroshina Dolomite Formation is divided into 

three main reservoir units (C2, D1, and D2). These 

units exhibit noticeable variations in reservoir 

quality resulting from changes in depositional 

facies, diagenetic processes, and structural 

deformation. Secondary porosity associated with 

dolomitization and tectonic fracturing plays a 

major role in enhancing the storage capacity of the 

reservoir, whereas cementation locally reduces 

porosity and permeability [1,2,6]. 

Geological correlation between the drilled 

wells indicates that the Koroshina Dolomite 

Formation maintains relatively consistent 

stratigraphic thickness throughout the study area. 

However, structural deformation caused by 

reverse faulting locally offsets the reservoir 

succession and affects lateral continuity. These 

structural features have a direct influence on 

hydrocarbon migration, reservoir 

compartmentalization, and the spatial distribution 

of petrophysical properties [1,3–5,10]. 

The structural framework of the field 

indicates that reverse faulting represents the 

dominant tectonic element controlling reservoir 
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architecture. These faults not only displace the 

reservoir units but also generate fracture systems 

that locally enhance secondary porosity. 

Nevertheless, fracture-related porosity does not 

necessarily improve reservoir performance unless 

adequate permeability and hydraulic connectivity 

are maintained. Therefore, understanding the 

geological and structural framework is 

fundamental for interpreting porosity distribution 

and evaluating reservoir quality within the 

Koroshina Dolomite Formation [3,6,10]. 

2. Research Methodology 

The workflow adopted in this study 

integrates post-stack seismic inversion with 

seismic attribute analysis and Probabilistic Neural 

Network (PNN) modeling to predict the spatial 

distribution of porosity within the Koroshina 

Dolomite Formation. The methodology consists of 

four successive stages: (1) well-to-seismic 

calibration, (2) model-based post-stack seismic 

inversion, (3) seismic attribute extraction, and (4) 

porosity prediction using the PNN algorithm. 

Initially, the available well-log data from the 

SADAD-1 and SADAD-2 wells were edited and 

quality controlled. Compressional sonic (DT) and 

bulk-density (RHOB) logs were used to calculate 

acoustic impedance (AI), while neutron-porosity 

(NPHI) data were used to obtain the measured 

porosity values for the subsequent porosity 

analysis. The interpreted formation tops were used 

to establish the relationship between the 

geological horizons and the seismic reflections 

and to define the stratigraphic interval investigated 

in the inversion 

The interpreted seismic section used in this 

study is shown in Fig. 1. The section crosses both 

SADAD-1 and SADAD-2 and images the 

Koroshina Dolomite reservoir, providing the 

seismic framework required for acoustic 

impedance inversion and subsequent reservoir 

property prediction.

 

Figure 1. Interpreted 2D seismic section crossing the SADAD-1 and SADAD-2 wells (after Ref. [1]). 

 

2.1. Study Area and Dataset 

This study was carried out using an 

integrated dataset comprising well-log data from 

two wells, SADAD-1 and SADAD-2, together 

with one two-dimensional (2D) post-stack seismic 

line acquired over the Sadad Gas Field. The 

selected seismic line crosses both wells and 

provides the seismic framework for well-to-

seismic calibration, post-stack seismic inversion, 

seismic attribute extraction, and porosity 

prediction between the two wells. The subsurface 

datasets were provided by the Syrian Petroleum 

Company and constitute the primary data used in 

this study [1]. 

The well-log dataset includes compressional-

wave (P-wave) sonic data, bulk-density (RHOB) 

logs, and neutron-porosity (NPHI) data from the 

SADAD-1 and SADAD-2 wells. The P-wave and 
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density logs were used to calculate acoustic 

impedance and to generate synthetic seismograms 

for well-to-seismic calibration. The neutron-

porosity data were used to obtain the measured 

porosity values used in the porosity analysis and as 

the target variable for the Probabilistic Neural 

Network (PNN). Formation tops (well tops) 

interpreted from the well data were also 

incorporated to identify the investigated 

stratigraphic intervals and to constrain the seismic 

inversion. 

The main formation tops and their measured 

depths (MD) in the SADAD-1 and SADAD-2 

wells are summarized in Table 1.  

Table 1. Formation tops used to constrain the 

post-stack seismic inversion (after Ref. [1]). 

Well Formation MD 

SADAD_1 BUTMA 2662 

SADAD_1  K. ANHYDRITE 2808 

SADAD_1  K. DOLOMITE(C2) 3347 

SADAD_1  K. DOLOMITE(D1) 3664 

SADAD_1 K. DOLOMITE(D1P) 3690 

SADAD_2 BUTMA 2640 

SADAD_2 K. ANHYDRITE 2817 

SADAD_2 K. DOLOMITE(C2) 3431 

SADAD_2 K. DOLOMITE(D1p) 4198 

 

For SADAD-1, the investigated Koroshina 

Dolomite interval is bounded by the K. 

DOLOMITE(C2) and K. DOLOMITE(D1) 

formation tops at depths of 3347 m and 3664 m, 

respectively. In SADAD-2, the corresponding 

formation tops occur at 3431 m and 4198 m, 

respectively. These formation tops were used to 

define the stratigraphic framework of the 

investigated interval and to constrain the inversion 

process. 

The seismic dataset consists of one migrated 

post-stack 2D seismic profile acquired across the 

central part of the Sadad structure. The selected 

seismic line intersects both SADAD-1 and 

SADAD-2, allowing the well-log information to 

be integrated with the seismic data and enabling 

the spatial variation of reservoir properties 

between the two wells to be investigated. The 

structural map of the top Koroshina Dolomite 

Formation showing the locations of the drilled 

wells is presented in Fig. 2, while the location of 

the interpreted 2D seismic profile is shown in Fig. 

3 [1]. 

 

 

 

 

 

Figure 2. Structural map of the top Koroshina Dolomite Formation showing the distribution of the drilled 

wells in the Sadad Gas Field (after Ref. [1]). 
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Figure 3. Location of the interpreted 2D seismic line crossing the SADAD-1 and SADAD-2 wells (after 

Ref. [1]). 

 

The well-log and seismic datasets were 

integrated through a well-to-seismic tie procedure 

to establish the time-depth relationship and 

correlate the seismic reflections with the 

corresponding geological horizons. The formation 

tops were used to constrain the investigated 

interval and the inversion process. The integrated 

dataset was subsequently used for post-stack 

seismic inversion, seismic attribute extraction, and 

porosity prediction using the Probabilistic Neural 

Network (PNN) workflow [17,18]. 

2.2. Well-to-Seismic Calibration and Low-

Frequency Model Construction. 

A synthetic seismogram was generated for 

each well using the P-wave sonic and density logs 

and the extracted statistical wavelet. The synthetic 

and recorded seismic traces were correlated to 

establish and refine the depth-to-time relationship 

at the well locations. The well-to-seismic 

correlation was adjusted to obtain the best 

correspondence between the synthetic and 

recorded seismic responses before performing the 

inversion. 

Following the well-to-seismic calibration, a 

model-based post-stack seismic inversion was 

performed using the Hampson–Russell software. 

The initial acoustic impedance model was 

constructed from the well-derived acoustic 

impedance logs and the interpreted formation tops. 

The impedance logs were interpolated between the 

available wells using the interpreted horizons to 

establish the geological framework of the model. 

A low-pass filter was then applied to the 

interpolated impedance model to generate the low-

frequency background model. The filtering 

parameters used in the study followed the 

Hampson–Russell workflow, with frequencies up 

to 10 Hz passed, frequencies above 15 Hz filtered 

out, and a gradual transition between these limits. 

The resulting low-frequency model provided the 

background impedance trend required for the 

subsequent model-based inversion. 

The formation tops listed in Table 1 were 

used to constrain the stratigraphic framework and 

define the interval used for the inversion. The 

resulting initial model incorporated the low-

frequency impedance trend between the wells 

while preserving the main interpreted geological 

boundaries. 

2.3. Model-Based Post-Stack Seismic Inversion 

After construction of the initial low-

frequency model, inversion analysis was 

performed at the well locations to evaluate the 

inversion parameters and the agreement between 
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the inverted and well-derived acoustic impedance. 

The Model-Based inversion method was selected 

for the final post-stack inversion. The inversion 

parameters were optimized during the inversion 

analysis, and the resulting synthetic seismic 

response was compared with the recorded seismic 

data to assess the quality of the inversion. 

The optimized Model-Based inversion was 

subsequently applied to the interpreted 2D seismic 

profile to transform the seismic reflection data into 

an acoustic impedance section. The resulting 

acoustic impedance model was used as the basis 

for subsequent seismic attribute extraction and 

reservoir characterization. 

2.4. Seismic Attribute Extraction 

The generated acoustic impedance model 

served as the basis for seismic attribute extraction. 

Multiple seismic attributes were calculated from 

the inverted seismic data using the Emerge module 

of the Hampson–Russell software. These 

attributes were statistically evaluated to identify 

those exhibiting the strongest relationship with the 

measured porosity. Both single-attribute and 

multi-attribute analyses were performed to assess 

their predictive capability before applying the 

machine-learning technique [18]. 

2.5. Porosity Prediction Using the Probabilistic 

Neural Network (PNN) 

Porosity prediction was performed using the 

Probabilistic Neural Network (PNN) implemented 

in the Emerge module of the Hampson–Russell 

software. The measured porosity values derived 

from the neutron-porosity (NPHI) logs of the 

SADAD-1 and SADAD-2 wells were used as the 

target variable, while seismic attributes extracted 

from the inverted seismic data were used as input 

variables [16,18]. 

The PNN workflow was developed through 

successive stages. First, individual seismic 

attributes were evaluated against the measured 

well-log porosity to investigate their predictive 

relationships. The initial single-attribute analysis 

produced a relatively weak correlation coefficient 

of approximately 39.7%. Subsequently, a multi-

attribute analysis was performed using the Emerge 

module to evaluate the combined contribution of 

the available seismic attributes. Through iterative 

testing, the number of seismic attributes was 

progressively increased until 28 attributes were 

reached, providing the highest obtained 

correlation. Twenty-eight seismic attributes were 

selected based on their collective relationship with 

the measured porosity. Their combined use 

increased the correlation coefficient to 

approximately 75.1%, compared with 39.7% 

obtained from the single-attribute analysis. 

Therefore, the selected twenty-eight attributes 

were retained as input variables for the subsequent 

PNN modeling. 

while the measured porosity values from the 

SADAD-1 and SADAD-2 wells were used as the 

target data. The PNN model was trained using the 

available well data, and its performance was 

evaluated by comparing the predicted porosity 

with the corresponding measured porosity at the 

available well locations. The final PNN model 

achieved a correlation coefficient of 

approximately 83.5% between the predicted and 

measured porosity values, indicating an improved 

predictive relationship compared with the 

preceding single-attribute and multi-attribute 

analyses. 

Following model evaluation, the trained 

PNN was applied to the complete interpreted 2D 

seismic section using the selected seismic 

attributes as input data. The resulting output was a 

continuous porosity model representing the 

predicted spatial distribution of porosity within the 

Koroshina Dolomite Formation between the 

available well locations and across the 

investigated seismic section. 

3.Results 

3.1. Wavelet extraction and well-to-seismic tie 

A statistical wavelet was extracted from the 

seismic data and used to generate synthetic 

seismograms for well-to-seismic calibration. The 

extracted wavelet provides the seismic signature 

required for correlating the well-log responses 

with the recorded seismic reflections and 

constitutes an essential input for the post-stack 

seismic inversion process. 
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Figure 4. Extracted statistical wavelet used for post-stack seismic inversion. 

 

The synthetic seismograms generated for the 

SADAD-1 and SADAD-2 wells exhibit excellent 

agreement with the recorded seismic traces, 

confirming the accuracy of the time-depth 

relationship and the reliability of the seismic 

calibration. 

3.2. Post-stack seismic inversion 

Following the well-to-seismic calibration, 

model-based post-stack seismic inversion was 

performed to estimate the acoustic impedance 

distribution within the Koroshina Dolomite 

Formation. Quality-control analysis indicates an 

excellent match between the inverted acoustic 

impedance and the well-derived acoustic 

impedance logs for both wells. 

The correlation coefficient between the 

synthetic and recorded seismic traces reached 

approximately 99.9%, indicating that the inversion 

model successfully reproduced the observed 

seismic response and generated a reliable acoustic 

impedance model suitable for subsequent reservoir 

characterization. 

The final acoustic impedance section is 

presented in Fig. 5, illustrating the lateral variation 

of acoustic impedance across the study area within 

the Koroshina Dolomite reservoir. 

3.3. Porosity prediction using the Probabilistic 

Neural Network (PNN) 

The measured porosity logs from the 

SADAD-1 and SADAD-2 wells were used as the 

target data for training the Probabilistic Neural 

Network (PNN) model. Figure 12 illustrates the 

input data used during the training process, 

including the seismic trace, acoustic impedance, 

and measured porosity. 

Initially, porosity prediction was performed 

using individual seismic attributes. The resulting 

model produced a relatively weak correlation with 

the measured porosity, with a prediction accuracy 

of approximately 39.7%. 

Subsequently, twenty-eight seismic 

attributes were combined to improve the 

predictive performance. The multi-attribute 

analysis increased the correlation coefficient to 

approximately 75.1%, demonstrating a significant 

improvement over the single-attribute approach. 

The final porosity prediction was carried out 

using the Probabilistic Neural Network (PNN) 

trained with the selected seismic attributes. The 

model achieved the highest prediction accuracy, 

with a correlation coefficient of approximately 

83.5% between the predicted and measured 

porosity values. 
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Figure 5. Acoustic impedance section obtained from post-stack seismic inversion. 

 

 

Figure 6. Input data used for PNN training, including seismic trace, acoustic impedance, and measured 

porosity. 
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Figure 7. Porosity prediction using individual seismic attributes. 

 

 

Figure 8. Porosity prediction using twenty-eight seismic attributes. 

 

 

Figure 9. Performance of the Probabilistic Neural Network (PNN) for porosity prediction. 
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The measured porosity values used during 

the training process are summarized in Table 2. 

Table 2. Measured porosity values from the 

SADAD-1 and SADAD-2 wells used for PNN 

training. 

Porosity SADAD_1 SADAD_2 
High porosity 0.15 0.29 
Low porosity 0.01 0.01 

 

Following model validation, the trained 

Probabilistic Neural Network (PNN) was applied 

to the entire interpreted seismic section to predict 

the spatial distribution of porosity within the 

Koroshina Dolomite Formation. The resulting 

porosity model is presented in Fig. 10, where the 

predicted porosity is displayed as a continuous 

color-coded section calibrated with the measured 

porosity logs from the SADAD-1 and SADAD-2 

wells. The close agreement between the projected 

well-log porosity and the predicted porosity 

distribution demonstrates the ability of the PNN 

model to interpolate porosity between wells and 

extend reservoir property prediction throughout 

the study area. The blue horizon represents the 

interpreted top of the Koroshina Dolomite 

reservoir, defining the geological interval over 

which the porosity prediction was performed. 

The porosity model is calibrated with the 

measured porosity logs from the SADAD-1 and 

SADAD-2 wells, while the blue horizon represents 

the interpreted top of the Koroshina Dolomite 

reservoir. 

 

 

Figure 10. Predicted porosity distribution within the Koroshina Dolomite Formation using the Probabilistic 

Neural Network (PNN).  

4.Discussion 

The integration of post-stack seismic 

inversion with Probabilistic Neural Network 

(PNN) modeling proved to be an effective 

workflow for predicting the spatial distribution of 

porosity within the Koroshina Dolomite 

Formation. The close agreement between the 

measured porosity logs and the PNN-predicted 

porosity section (Fig. 10) demonstrates the 

capability of the selected seismic attributes to 

reproduce the spatial variability of reservoir 

properties beyond the available well control. 

These results are consistent with previous studies, 

which reported that integrating seismic inversion 

with machine-learning algorithms significantly 

improves reservoir characterization in 

heterogeneous carbonate reservoirs [11–16]. 

The predicted porosity section (Fig. 10) 

indicates that porosity is not uniformly distributed 

throughout the Koroshina Dolomite reservoir. 

Instead, the reservoir exhibits noticeable lateral 

and vertical heterogeneity, with localized porosity 

anomalies embedded within intervals of relatively 

lower porosity. The correspondence between the 

projected well-log porosity and the predicted 

porosity distribution confirms the reliability of the 

trained PNN model and demonstrates its ability to 



Alrhaiyel Emerging Trends in Engineering and Sustainability (ETES) Volume 02 (No. 03), 2026, pp. 10-24 

 

21 

interpolate porosity between wells while 

preserving the observed petrophysical trends. 

Comparison of the predicted porosity model 

with the structural interpretation indicates that the 

distribution of porosity is strongly influenced by 

the structural framework of the Sadad Gas Field. 

The structural map (Fig. 11) shows that the 

interpreted seismic line crosses a major reverse 

fault affecting the Koroshina Dolomite Formation. 

Structural deformation associated with this fault is 

likely responsible for generating fracture systems 

that contribute to the development of secondary 

porosity within the reservoir [3,10]. 

Although fracture-induced porosity increases 

the available storage space, reservoir productivity 

depends on additional factors, including 

permeability, fracture connectivity, and the 

geomechanical behavior of the reservoir rocks. 

Variations in geomechanical properties influence 

fracture propagation, reservoir 

compartmentalization, and fluid-flow pathways 

within structurally deformed carbonate reservoirs 

[9]. Therefore, porosity anomalies identified by 

the PNN model should be interpreted together with 

the structural framework to distinguish productive 

reservoir intervals from fracture-controlled 

compartments. 

Additional evidence is provided by the 

structural model of the Lower Koroshina Dolomite 

Formation (Fig. 12) and the detailed interpretation 

of the reverse fault intersecting the SADAD-2 well 

(Fig. 13). These structural models demonstrate 

that the reservoir is compartmentalized by reverse 

faulting, which significantly influences the 

continuity of the reservoir units and the 

distribution of petrophysical properties. The 

measured neutron-porosity data also show a higher 

maximum porosity at SADAD-2 

(approximately 0.29) compared with SADAD-1 

(approximately 0.15). The spatial association 

between the reverse-fault zone, the structurally 

disturbed reservoir interval, and the relatively 

higher measured porosity at SADAD-2 provides 

geological and petrophysical support for 

interpreting the relatively high predicted porosity 

near the fault as potentially related to fracture-

associated secondary porosity. However, because 

direct fracture measurements or detailed core-

based fracture characterization are not available in 

the present dataset, this interpretation should be 

considered a geological inference rather than 

direct evidence of fracture-controlled porosity 

[1,3–5,10]. 

 

 

  

Figure 11. Structural fault map of the Sadad Gas Field showing the location of the interpreted seismic line 

and drilled wells (after Ref. [10]). 

tel:0.29
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Figure 12. Structural model of the Lower Koroshina Dolomite Formation showing the drilled and proposed 

well locations (after Ref. [10]). 

 

Figure 13. Structural interpretation illustrating the reverse fault intersecting the SADAD-2 well and its 

influence on reservoir continuity (after Ref. [10]). 

The consistency between the acoustic 

impedance model, the PNN-derived porosity 

prediction, and the geological interpretation 

demonstrates the robustness of the proposed 

workflow. The integration of post-stack seismic 

inversion, seismic attribute analysis, and 

Probabilistic Neural Network (PNN) modeling 

provides a reliable methodology for predicting 

porosity distribution in carbonate reservoirs with 

limited well control. The resulting porosity model 

contributes to reducing geological uncertainty and 

provides valuable information for future 

exploration, well placement, and reservoir 

development in the Sadad Gas Field and similar 

structurally complex carbonate reservoirs 

[15,16,18]. 

The uncertainty associated with porosity 

prediction between the SADAD-1 and SADAD-2 

wells is mainly related to the limited well control, 

the heterogeneous nature of the Koroshina 

Dolomite Formation, and the structural 

complexity of the study area. The PNN model was 

trained using porosity data from only two wells, 

and therefore the predicted porosity between the 

wells should be considered an interpolation 

constrained by the available well information 

rather than a direct measurement. Additional 
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uncertainty may arise from variations in seismic 

resolution, the relationship between seismic 

attributes and porosity, and the presence of reverse 

faults and fracture-related heterogeneity. 

Consequently, the predicted porosity anomalies 

between the wells should be interpreted together 

with the acoustic impedance model and the 

geological and structural framework. Additional 

wells and independent validation data would be 

required to quantitatively reduce and assess the 

uncertainty of the predicted porosity distribution. 

5. Conclusions 

This study demonstrates the effectiveness of 

integrating post-stack seismic inversion, seismic 

attribute analysis, and Probabilistic Neural 

Network (PNN) modeling for predicting the 

spatial distribution of porosity within the 

Koroshina Dolomite Formation in the Sadad Gas 

Field. The proposed workflow successfully 

combines well-log and seismic data to extend 

porosity estimation beyond the available well 

control and improve reservoir characterization. 

The main conclusions of this study are 

summarized as follows: 

1. Model-based post-stack seismic inversion 

generated a reliable acoustic impedance 

model that showed excellent agreement with 

the available well-log data, providing a 

robust foundation for reservoir 

characterization.  

2. The integration of multiple seismic attributes 

significantly improved porosity prediction 

compared with the use of individual 

attributes. The PNN model achieved the 

highest prediction performance, with a 

correlation coefficient of approximately 

83.5%, demonstrating its capability to model 

the nonlinear relationship between seismic 

attributes and porosity.  

3. The predicted porosity section revealed that 

porosity is spatially heterogeneous within the 

Koroshina Dolomite Formation. The close 

agreement between the predicted porosity 

model and the measured porosity logs from 

the SADAD-1 and SADAD-2 wells confirms 

the reliability of the proposed workflow for 

estimating porosity in interwell areas.  

4. Integration of the predicted porosity model 

with the geological and structural 

interpretation indicates that the spatial 

variability of porosity is strongly influenced 

by structural deformation, particularly 

reverse faulting, which controlled fracture 

development, reservoir 

compartmentalization, and reservoir 

continuity [1,3–5,10].  

5. The consistency between the acoustic 

impedance model, the predicted porosity 

distribution, and the geological interpretation 

confirms the robustness of the proposed 

methodology for carbonate reservoir 

characterization under conditions of limited 

well control.  

6. The proposed workflow provides a practical 

and reliable approach for reservoir 

evaluation, reducing geological uncertainty, 

supporting future drilling decisions, and 

improving reservoir management in the 

Sadad Gas Field and other structurally 

complex carbonate reservoirs.  
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