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Abstract 15 
Permeability prediction in heterogeneous shaly sand reservoirs is very challenging due to the 16 
complexity of clay mineral distribution and depositional facies. In the Middle Bahariya Formation in 17 
the NEAG-5 Field, Western Desert of Egypt, permeability varies significantly within similar porosity 18 
ranges, resulting in considerable uncertainty in reservoir characterization. This study presents an 19 
integrated static reservoir characterization workflow combining core data, X-ray diffraction (XRD), 20 
scanning electron microscopy (SEM), and machine learning based electrofacies modeling to investigate 21 
the primary controls on permeability. Four reservoir rock types were identified, each exhibiting distinct 22 
permeability ranges and mineralogical signatures. The results demonstrate that permeability 23 
heterogeneity is predominantly controlled by clay content, with illite, kaolinite, and smectite exerting 24 
pore bridging, pore filling, and pore lining effects, respectively. High quality rock types are 25 
characterized by low clay content and the absence of illite, whereas poor quality units contain clay 26 
volumes exceeding 40%. The field wide porosity permeability relationship yielded an R2 of 0.8623 and 27 
an RMSE of 0.5512, whereas rock type specific relationships substantially reduced the prediction error, 28 
with R2 values of 0.9520 – 0.9929 and RMSE values of 0.0958 – 0.2190. These results demonstrate 29 
that conditioning permeability estimation to reservoir rock type provides a more consistent 30 
representation of the heterogeneous pore system than a single field wide transform. The developed 31 
workflow can therefore be applied to extend core derived permeability information to uncored intervals 32 
and wells, enabling a more representative field scale permeability distribution for reservoir modeling 33 
and rock type characterization. The integration of electrofacies and mineralogical data enabled the 34 
development of robust porosity–permeability transforms applicable across the field. The proposed 35 
workflow provides a reliable methodology for permeability prediction in uncored wells and can be 36 
extended to similar heterogeneous shaly sand reservoirs worldwide. 37 
 38 
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1. Introduction 43 

The field was discovered by well NEAG C91-1 (NEAG 5-1) which was drilled in May 2011 to test the 44 
extension of oil bearing sands in Middle Bahariya formation located in the west of the North East Abu 45 
Gharadig Concession (NEAG). It is 27 km of northeast of BED-16 oil field, 35 km northeast of the 46 
BED-3 gas field and 38 km northwest of the BED-1 oil field (Fig. 1). Several studies have demonstrated 47 
that complex interactions among depositional facies, clay mineralogy, pore structure, and diagenetic 48 
processes strongly control reservoir quality and permeability heterogeneity in shaly sandstone 49 
reservoirs [1–12]. Accurate permeability estimation is fundamental to reservoir characterization, 50 
dynamic simulation, well placement, and field development planning. In heterogeneous shaly sandstone 51 
reservoirs, however, permeability may vary by several orders of magnitude within intervals having 52 
comparable porosity [13]. This behavior reflects the combined influence of depositional facies, pore 53 
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throat architecture, clay mineral abundance and distribution, and diagenetic modification of the pore 54 
system. Consequently, conventional porosity permeability relationships may not adequately represent 55 
flow capacity where clay minerals exert strong controls on pore connectivity. In the Middle Bahariya 56 
Formation of the NEAG-5 Field, Western Desert of Egypt, this problem is particularly evident because 57 
permeability ranges from less than 1 mD to more than 1000 mD within a reservoir system characterized 58 
by strong vertical and lateral facies variability. Core observations indicate that intervals with similar 59 
porosity can exhibit markedly different permeability, suggesting that pore connectivity and clay related 60 
pore modification play a major role in controlling flow capacity. Previous studies have demonstrated 61 
the importance of hydraulic rock typing, and electrofacies analysis for reservoir characterization; 62 
however, these approaches may not fully explain the mineralogical mechanisms responsible for 63 
permeability contrasts in heterogeneous shaly sandstones [14–19]. Although rock types and machine 64 
learning based electrofacies methods have been widely applied to propagate reservoir rock types from 65 
cored to uncored intervals, an important gap remains in linking the resulting rock quality classes to the 66 
mineralogical and pore scale controls responsible for permeability variation [20]. In particular, the role 67 
of individual clay minerals and their distribution within the pore system is commonly treated 68 
qualitatively, while the relationship between clay mineralogy, pore throat characteristics, and rock type 69 
dependent permeability remains insufficiently constrained in heterogeneous shaly sandstone reservoirs 70 
of the Western Desert of Egypt [21]. The specific research problem addressed in this study is how to 71 
distinguish and predict permeability differences between reservoir intervals having similar porosity but 72 
different clay mineral composition, pore throat connectivity, and depositional facies, particularly where 73 
core control is limited or absent. Conventional field wide porosity permeability transforms cannot 74 
explicitly account for these controls, creating uncertainty when permeability is extrapolated into 75 
uncored intervals [12,22,23]. To address this problem, this study develops an integrated workflow that 76 
combines routine and special core analysis, rock type characterization, X-ray diffraction (XRD), 77 
scanning electron microscopy (SEM), and machine learning assisted electrofacies modeling. Core 78 
derived reservoir rock types are first established from petrophysical and pore throat characteristics and 79 
subsequently linked to conventional well log responses using the Indexed and Probabilized Self 80 
Organizing Map (IPSOM). XRD and SEM observations are then used to investigate the mineralogical 81 
and pore scale controls associated with the identified rock types. The resulting rock type specific 82 
porosity permeability relationships are propagated through electrofacies classification to estimate 83 
permeability in uncored intervals. The principal contribution of the study is not the use of electrofacies 84 
classification alone, but the integration of core derived hydraulic rock typing with mineralogical and 85 
pore scale evidence to explain and propagate permeability heterogeneity. The workflow distinguishes 86 
four reservoir rock types with contrasting porosity, permeability, pore throat characteristics, and clay 87 
mineral signatures, and uses their log responses to extend the classification into uncored intervals. This 88 
integration provides a geological basis for permeability prediction and helps distinguish permeability 89 
variations that cannot be explained by porosity alone: (1) quantify the permeability heterogeneity of the 90 
Middle Bahariya reservoir using core derived petrophysical and rock tpes information; (2) establish 91 
reservoir rock types based on porosity, permeability, pore throat characteristics and depositional 92 
context; (3) investigate the influence of clay mineralogy and clay morphology on reservoir quality using 93 
XRD and SEM data; (4) develop an IPSOM based electrofacies model to propagate the core derived 94 
rock type classification into uncored intervals and(5) establish rock type specific porosity permeability 95 
relationships for reservoir scale permeability estimation. 96 
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 97 
Fig. 1. Location map of the Abu Gharadig basin in Egypt showing the location of the study area (NEAG 5 98 
Field) oil field with locations of studied wells. 99 
 100 
2. Geological Setting 101 

2.1 Stratigraphy 102 
The Abu Gharadig Basin has a long, complex geological history, Fluvial marine to shallow marine 103 
environments prevailed throughout Early to Middle Cretaceous times, resulted in the deposition of the 104 
Alam ElBueib, Alamein, Kharita, Bahariya and Abu Roash reservoirs. The basin geometry was 105 
controlled by the uplift to the south, feeding clastics northwards towards the shoreline of the Abu 106 
Gharadig Basin. Generally, deeper marine environments prevailed during Late Cretaceous and 107 
Paleogene times resulted in the deposition of the carbonate dominated Khoman and Apollonia 108 
Formations [7]. The NEAG-5 Field is located onshore in the north eastern part of the Abu Gharadig 109 
Basin, Western Desert, Egypt. This basin in this area is characterized by a complex structure with 110 
hydrocarbon bearing from the Jurassic to the Cretaceous (Fig. 2) [24]. The Middle Bahariya Formation 111 
of Cenomanian age constitutes the primary reservoir interval in NEAG-5. It is bounded by the fluvial 112 
dominated Kharita Formation below and the more marine Abu Roash Formation above.  113 
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 114 
Fig. 2. Generalized stratigraphic column of Abu Gharadig Basin [24]. 115 
 116 
The Middle Bahariya was deposited in a tidally influenced marginal to shallow marine environment, 117 
comprising a range of depositional elements including barrier bars, tidal channels, mud flats, and 118 
heterolithic facies (Fig. 3) [25]. This depositional complexity resulted in rapid vertical and lateral facies 119 
changes, which were further modified by diagenetic processes such as clay anthogenesis, cementation, 120 
and dissolution [26]. These processes collectively contributed to the observed heterogeneity in reservoir 121 
quality across the field. 122 

 123 
Fig. 3. Middle Bahariya tidal flat depositional setting [25]. 124 
 125 

2.2 Structure and tectonics 126 
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The Abu Gharadig Basin phases at least 2 of rifting (Jurassic and Cretaceous). Jurassic rifting occurred 127 
in response to relative sinistral movement between Laurasia and North Africa and resulted in NE-SW 128 
rift trends and associated with NW-SE elongated antiforms [1]. Subsequent Cretaceous rifting occurred 129 
in response to dextral plate movements and resulted in a WNW ESE rift trend (and associated NE-SW 130 
elongated antiforms) being superimposed on the primary Jurassic fault trends [27] .Pronounced 131 
inversion started in the Santonian reactivated structures along these fault trends. NEAG-5 structure is a 132 
NW-SE faulted 3-way dip closure at the Cretaceous and Eocene Level (Fig. 1). 133 
 134 
3. Data and Methodology 135 
High quality core data from the NEAG 5-9 well were used as the primary calibration dataset. The core 136 
covers the full spectrum of reservoir qualities within the Middle Bahariya Formation. Routine core 137 
analysis provided porosity and permeability measurements, while special core analysis (SCAL) 138 
supplied pore throat and capillary pressure information used for rock typing [28]. The well data of 139 
conventional open hole logs, including sonic, resistivity, density, neutron and gamma ray, were 140 
available for all wells in the field by [29] and [30]. Borehole image logs were used in selected wells to 141 
support facies interpretation and validate electrofacies results[31] (Table 1).  142 
 143 
Table 1. Data inventory for NEAG-5 wells. 144 

Wells BS CAL GR DEN NEU Sonic RES Core 

Data 

Deviation 

Survey 

Pressure 

Data 

Sample Image Mud 

 Type 

Tool 

 

Type 

NEAG5-1 YES YES YES YES YES YES YES NO YES YES YES YES OBM LWD 

NEAG5-2 YES YES YES YES YES NO YES NO YES YES YES NO WBM LWD 

NEAG5-3 YES YES YES YES YES NO YES NO YES YES NO NO WBM LWD 

NEAG5-7 YES YES YES YES YES NO YES NO YES YES YES NO WBM LWD 

NEAG5-9 YES YES YES YES YES YES YES YES YES YES NO NO WBM WL 

 145 
The X-Ray Diffraction Measurements analysis was performed on selected core plugs to quantify whole 146 
rock and clay mineral composition.  In this section, the XRD Measurements are discussed and analyzed. 147 
(Table 2) shows the results of XRD analysis performed on 12 core plugs in the study. 148 
 149 
Table 2. XRD Data for 12 Core Plugs. 150 

Plug 

No 

Depth 

(m) 

Mineralogical Composition Weight (%) Total 

(wt %) 

Smectite Illite Kaolinite Quartz Plagioclase 

Feldspars 

K-

Feldspars 

Calcite Dolomite Siderite Pyrite 

87 1170.52 2.3 0.1 10.78 69.31 1.6 8.17 0 0 4.77 2.97 100 

88 1170.8 3.8 1.2 6.18 77.09 1.33 7.35 0 0 1.8 1.25 100 

89 1171.05 0 0 5.13 82.02 1.33 5 0 0 3.67 2.85 100 

90 1171.28 0 0 9.48 79.35 1.74 9.43 0 0 0 0 100 

130 1182.52 3.1 0.8 8.48 63.72 2.89 11.89 0 0 9.12 0 100 

137 1184.29 0 0 4.62 75.64 4 10.15 4.4 1.19 0 0 100 

139 1184.77 2.1 1 4.07 74.74 3.51 11.42 0 1.77 1.39 0 100 

144 1186.03 2.8 0.4 10.32 69 3.59 8.79 0 1.34 3.76 0 100 

166 1191.6 5.2 0 9.38 36.26 2.34 18.75 0 0 26.07 2 100 

181 1195.28 0 0 1 94.91 1.14 2.95 0 0 0 0 100 

187 1196.78 0 0 0.56 91.11 1.22 7.11 0 0 0 0 100 

189 1197.3 0 0 1 82.36 2.58 7.95 6.11 0 0 0 100 

 151 
4. Results 152 
 153 

4.1 Permeability variations 154 
Using the global regression covers all the reservoir facies has a correlation coefficient (R2 = 0.86) shows 155 
the permeability changes with porosity in cross plot between permeability and porosity (Fig. 4). There 156 
is significant difference in permeability against the same porosity values is observed [4,10]. In red circle 157 
highlighted in the porosity permeability cross plot at porosity value 28%, show that the permeability 158 
ranges between 0.9 mD and 700 mD. Show in (Table 3) the heterogeneity ranges between the variations 159 
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of the porosity (4% to 37%) while the permeability (0.01 mD to 1900 mD). 160 
 161 
Table 3. Core Data Statistical Analysis. 162 

Minimum Porosity Average Porosity Maximum Porosity 

4 % 20 % 37 % 

Minimum Permeability Average Permeability Maximum Permeability 

0.01 mD 10 mD 1900 mD 

 163 

 164 
Fig. 4. Global trend of Core Porosity and Core Permeability Cross Plot cover all the facies could lead to wrong 165 
reservoir permeability prediction R2=0.86, NEAG 5-9 RCA Data. 166 
 167 
 168 

4.2 Rock Typing and Electrofacies Modeling 169 
- Stratigraphic Modified Lorenz Plot (SMLP) 170 

The modified Lorenz pattern based on stratigraphy (SMLP) is a proposed method suitable for 171 
determining rock species. The Lorenz diagram is separated by plotting the cumulative flow capacity in 172 
terms of the cumulative storage capacity, while preserving their stratigraphic order[16] . Slope changes 173 
in the SMLP diagram indicate changes in the flow properties of the porous medium (Fig. 5) [32]. 174 
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 175 
Fig. 5. Flow capacity and storage capacity for NEAG5-9 core data [32]. 176 
 177 

-Winland Equation 178 
Winland established a relationship between pore throat versus the changes of porosity and permeability 179 
[33,34]. In this experimental study used 300 samples injected with mercury and performed multi 180 
regression analysis based on pore radius at mercury saturation 35% per plugs [35]. 181 𝑙𝑜𝑔 ܴ35 = 0.732 + 0.588 𝑙𝑜𝑔 ܭ − 0.864 log ∅ -----------------------------------------(1) 182 
 183 
dropping the core data (porosity and permeability) plugs on Winland cross plot (Fig. 6). Classified the 184 
rock types based on the clouded areas relative to the pore throats. Consequently RT-4 is above the pore 185 
throat 10 mm (Mega zone), RT-3 around pore throat 5 mm (Macro zone), RT-2 range between 2.5mm 186 
to 0.5 mm (Meso zone) and RT-1 around 0.1mm (Micro zone). Four rock types (RTs) have been 187 
identified from stratigraphic modified Lorenz plot and Winland R35 methods. 188 
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 189 
Fig. 6. Rock type’s definition using Winland cross plot [35]. 190 

The four reservoir rock types identified from the core based SMLP and Winland R35 analyses were 191 
subsequently used as the reference framework for evaluating the log derived electrofacies. An 192 
unsupervised Indexed and Probabilized Self Organizing Map (IPSOM) clustering approach, 193 
implemented in Techlog, was applied to the selected well log responses. Four input logs were used in 194 
the IPSOM analysis: neutron porosity (NPHI), bulk density (RHOB), photoelectric factor (PEF) and 195 
volume of shale (Vsh) [18] . The four cluster solution was evaluated against the independently 196 
established core derived rock types in the cored NEAG 5-9 well [32] . The electrofacies obtained from 197 
IPSOM showed a consistent correspondence with the four reservoir rock types identified from the core 198 
data in NEAG 5-9. This agreement provided a core based validation of the IPSOM classification and 199 
demonstrated that the selected log responses were capable of distinguishing the main petrophysical 200 
characteristics associated with the four reservoir rock types [31] . Following this validation, the 201 
established IPSOM clustering model was applied to the uncored wells to predict the distribution of the 202 
corresponding rock types throughout the NEAG-5 field [10] . (Fig. 7). The four reservoir rock types 203 
were subsequently linked to electrofacies derived from conventional well logs using the Indexed and 204 
Probabilized Self Organizing Map (IPSOM) implemented in Techlog. 205 
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 206 
Fig. 7. a) Input well logs used for the IPSOM based electrofacies classification b) Self-Organized Map (SOM) 207 
Classified into 4 rock types. 208 

The IPSOM generated electrofacies were compared with the core derived rock types using the cored 209 
interval of the NEAG 5-9 well. The electrofacies showing similar petrophysical characteristics to each 210 
core derived rock type were assigned to the corresponding rock type classification. This integration 211 
established a log based relationship between the four core derived reservoir rock types and their 212 
electrofacies responses, allowing the rock type classification to be propagated beyond the cored 213 
intervals. (Fig. 8) presents the resulting electrofacies distribution for the NEAG 5-9 well. RT-4 214 
represents the best quality reservoir intervals, RT-3 represents moderate quality reservoir intervals, RT-215 
2 represents lower quality reservoir intervals, whereas RT-1 represents the poorest quality and shale 216 
dominated intervals.  217 

 218 



10 

 

 219 
Fig. 8. Electrofacies distribution obtained from IPSOM and its correspondence with the core derived reservoir 220 
rock types in the NEAG 5-9 well. 221 
 222 

4.3 Permeability Modeling 223 
Porosity permeability relationships were established separately for each rock type using core data. The 224 
use of rock type specific transforms significantly improved permeability prediction compared to a single 225 
field wide relationship (Fig. 9). 226 
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 227 
Fig. 9. Core Porosity and Core Permeability for all points with different qualities. Porosity permeability 228 
relations for each rock type. The substantially reduced scatter and lower RMSE values obtained within 229 
individual rock types demonstrate the benefit of conditioning permeability estimation to reservoir rock type. 230 
 231 
In contrast, the calibrated transforms were applied to electrofacies logs in uncored wells, resulting in a 232 
continuous permeability profile across the field. This approach enabled consistent permeability 233 
modeling while honoring geological heterogeneity[12,36]. 234 
Consequently, the integrated workflow successfully captured permeability variations spanning more 235 
than three orders of magnitude. High quality rock types (RT-4) exhibited permeability exceeding 1000 236 
mD. However, low quality units (RT-1) showed permeability below 1 mD despite overlapping porosity 237 
ranges. 238 
The results highlight the limitations of porosity based reservoir quality assessment in shaly sand systems 239 
and emphasize the necessity of incorporating mineralogical and facies information into permeability 240 
modelling [28] . shows the equations for the relation between porosity and permeability were used per 241 
rock type. The following facies grouping was done: Calculation of permeability curve using POR-242 
PERM transform per genetic unit: High quality reservoirs, Moderate reservoirs, low quality reservoirs 243 
and shale. 244 
Therefore, using the new facies definition, the new porosity permeability transforms have been created 245 
per facies [14,37]. The available core air permeability measurements from NEAG 5-9 at ambient 246 
condition were regrouped per facies.  247 ܴ ݉ݎ݁ܲ          1ܶ = 104.51∗௟௢௚10(∅)+3.314----------------------------------------- (2) 248 

 249 ܴ ݉ݎ݁ܲ          2ܶ = 104.63∗௟௢௚10(∅)+4.02------------------------------------------ (3) 250 
 251 ܴ ݉ݎ݁ܲ          3ܶ = 105.15∗௟௢௚10(∅)+4.99----------------------------------------- (4) 252 
 253 ܴ ݉ݎ݁ܲ          4ܶ = 105.18∗௟௢௚10(∅)+5.51----------------------------------------- (5) 254 

 255 
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The comparison between the global and rock type specific relationships demonstrates the importance 256 
of reservoir rock typing for permeability estimation in the NEAG-5 reservoir [10,38] . The global 257 
porosity permeability relationship provides a reasonable overall trend; however it retains considerable 258 
scatter because samples with different pore structures, clay contents, and flow characteristics are 259 
represented by a single relationship. In contrast, separating the samples into reservoir rock types 260 
substantially reduces the prediction error and improves the strength of the porosity permeability 261 
relationships. The RMSE decreases from 0.5512 for the global relationship to 0.0958, 0.2120, 0.1380, 262 
and 0.2190 for RT-1, RT-2, RT-3, and RT-4, respectively, while the corresponding R2 values increase 263 
to 0.9929, 0.9520, 0.9827, and 0.9600 (Table 4). These results indicate that the variability in 264 
permeability is better captured when the porosity permeability relationship is conditioned to reservoir 265 
rock type rather than represented by a single field wide transform. This improvement is consistent with 266 
the observed differences in pore structure and mineralogical composition among the identified rock 267 
types. Each rock type represents a relatively more homogeneous combination of porosity, pore throat 268 
characteristics, clay content and pore connectivity. Consequently, samples within the same rock type 269 
exhibit a more consistent relationship between pore volume and fluid flow capacity [4] . The results 270 
therefore suggest that the observed scatter in the field wide porosity permeability relationship is not 271 
solely related to porosity variability, but also reflects differences in pore architecture and rock fabric 272 
between reservoir rock types. 273 
 274 
Table 4. Statistical comparison of global and rock type specific porosity permeability relationships. 275 

Relationship Valid samples R2 RMSE 

Global 73 0.8623 0.5512 

RT-1 13 0.9929 0.0958 

RT-2 19 0.9520 0.2120 

RT-3 19 0.9827 0.1380 

RT-4 22 0.9600 0.2190 

 276 
 277 
 278 
The different rock types by colored ploted on the log plot that represent the different qualities with the 279 
porosity calculated by density log. That matched with the porosity permeability cross plot. 280 
Permeability was calculated per rock type linear equations was derived for each rock type through core 281 
porosity vs core permeability cross plot which resulted in four different linear permeability equations. 282 
(Fig. 10) shows the different permeability trends for 73 core samples acquired in the NEAG 5-9 well in 283 
this study. Porosity Permeability Regressions for each rock type is constructed resulting in the equations 284 
used for the permeability calculation. 285 
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 286 
Fig. 10. Permeability and porosity curves show different permeability and porosity ranges for each rock type 287 
and the match with permeability and porosity core points. 288 
 289 

4.4 Mineralogical Controls on Permeability 290 
XRD results revealed significant variations in clay content and mineral composition among the 291 
identified rock types. RT-1 exhibited the highest clay content (approximately 44%), dominated by illite, 292 
kaolinite, and smectite. SEM images showed extensive pore filling and pore bridging clay textures, 293 
resulting in severely reduced permeability [2]. 294 
RT-2 displayed moderate clay content (~19%), with mixed clay morphologies partially obstructing pore 295 
throats. RT-3 showed further reduction in clay volume and improved pore connectivity. In contrast RT-296 
4 was characterized by minimal clay content and the near absence of illite, leading to excellent 297 
permeability (Fig. 11). 298 

 299 
Fig. 11. Clay Mineral Content per rock type. 300 
 301 
Consequently (Fig. 12) shows the clay content in each rock type and its impact on porosity and 302 
permeability. The highest clay content is found in RT-1, while the lowest is found in RT-4. This affects 303 
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the rock's quality in terms of porosity and permeability [3]. 304 
Petrophysical evaluation of the Middle Bahariya reservoir for each rock type confirmed that 305 
permeability changes are not correlate with porosity changes. In the highest quality RT-4, permeability 306 
reaches 1900 mD, while porosity reaches 37% due to a low clay content of 7%. In RT-3, permeability 307 
reaches 90 mD and clay content reaches 14%. RT-1 and RT-2 are considered lower quality due to low 308 
permeability and porosity levels, as clay content reaches 44%.  309 

 310 
Fig. 12. Mineralogical Composition per rock type. 311 
 312 
The main factors the main factors that were responsible for the reduction of permeability in the Middle 313 
Bahariya reservoir. The clay minerals are common in the Middle Bahariya reservoir and fills pores to 314 
varying degrees. The regression of the smectite, illite and kaolinite with permeability (Fig. 13) 315 
demonstrate that the decreases relatively with increasing clay minerals content with the varying effect 316 
of each mineral on permeability. This quantitative relationship supports the observed inverse 317 
association between clay abundance and permeability and provides additional evidence that clay related 318 
heterogeneity contributes to the large permeability variability observed within the reservoir. Dissolution 319 
of feldspar produces microporosity as the dissolved grains are replaced by clay minerals (Smectitve, 320 
illite and kaolinite), which may result in the further heterogeneity of the reservoirs. [1] This difference 321 
suggests that the influence of clay mineralogy on permeability is mineral-specific and cannot be 322 
adequately represented by clay abundance alone.  323 

 324 

 325 
Fig. 13. Cross plots showing the relationship between content of common cemented clay minerals: a) illite, b) 326 
smectite and c) kaolinite with permeability in the Middle Bahariya reservoir. 327 

Based on the established rock type classification porosity and permeability was calculated for all wells 328 
(Fig. 14) by the electrofacies modeling, which allowed for specific evaluation separate by rock types 329 
across the reservoir based on log signatures. 330 
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 331 
Fig. 14. Log panel showing the porosity and permeability calculations against the electrofacies model of Middle 332 
Bahariya reservoir. 333 

The porosity permeability transforms established for each rock type, color-coded by total clay volume 334 
(smectite + kaolinite + illite), reveal a clear inverse relationship between reservoir quality and clay 335 
content (Fig. 15). Data points belonging to the highest qualities rock type classes cluster in the upper 336 
right region of the cross plot, characterised by the highest porosity and permeability values and the 337 
lowest clay volumes [2] . Progressively lower rock type classes occupy successively lower porosity 338 
permeability domains that coincide with systematically increasing clay content. Consequently, as 339 
porosity and permeability increase, the volume of pore filling and pore bridging clays decreases; 340 
conversely, elevated clay volumes correspond to marked reductions in both porosity and permeability. 341 
This distribution confirms that clay mineralogy and abundance exert a dominant control on permeability 342 
reduction within the Middle Bahariya reservoir, independent of the overall porosity trend [39]. 343 

 344 

Fig. 15. Cross plot of porosity and rock type derived permeability, color coded by total clay content (Vclay), 345 
calculated from illite, smectite, and kaolinite. The plot illustrates the inverse association between clay content 346 
and reservoir quality, with higher porosity and permeability generally associated with lower clay content. 347 
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 348 
5. Discussion 349 
 350 

5.1 Controls on permeability heterogeneity 351 
The results obtained from core analysis, electrofacies modeling, XRD measurements, and SEM 352 
observations provide important insights into the geological and mineralogical controls governing 353 
permeability heterogeneity within the Middle Bahariya reservoir. 354 
The identified reservoir rock types a strong relationship between clay content and reservoir quality. RT-355 
1 presented the poorest reservoir properties due to high clay content by illite, kaolinite, and smectite. 356 
SEM confirmed that these clay minerals reduced pore connectivity. Otherwise, RT-4 showed excellent 357 
permeability values associated with low clay content and improved pore throat connectivity. 358 
Furthermore, the results further indicate that clay distribution are more critical than total clay volume 359 
alone in controlling reservoir flow behavior.  360 
 361 

5.2 Electrofacies modeling and reservoir characterization 362 
The integration of rock types with electrofacies modeling provided an effective workflow for extending 363 
rock typing into uncored intervals. The IPSOM model successfully differentiated reservoir quality 364 
variations using conventional well logs. The electrofacies classification improved permeability 365 
prediction compared to conventional porosity permeability transform across different depositional 366 
facies and geological heterogeneities more accurately. The integration of core analysis, electrofacies 367 
modeling, and mineralogical data enabled the construction of a consistent static reservoir 368 
characterization framework for the Middle Bahariya reservoir. The integration of machine learning 369 
electrofacies analysis with mineralogical controls on permeability provides a transferable methodology 370 
for improving permeability prediction in reservoirs affected by complex clay distributions and facies 371 
heterogeneity. 372 
 373 

5.3 Implications of rock type specific permeability prediction 374 
The main practical implication of the developed workflow is that permeability can be estimated using 375 
rock type specific relationships rather than relying on a single global porosity permeability transform. 376 
The substantially lower RMSE values obtained for all four reservoir rock types indicate that 377 
permeability estimation becomes more consistent when the geological and petrophysical heterogeneity 378 
of the reservoir is explicitly considered. This is particularly important for heterogeneous shaly sand 379 
reservoirs, where similar porosity values may correspond to markedly different permeability values 380 
because of variations in clay mineralogy, pore throat size, pore connectivity and diagenetic 381 
modification. Therefore, integrating electrofacies classification and reservoir rock typing with porosity 382 
permeability relationships provides a more representative framework for estimating permeability from 383 
well-log-derived porosity. From a reservoir modeling perspective, the rock type specific transforms 384 
provide a practical means of extending core derived permeability information to uncored intervals and 385 
wells. Once the reservoir rock type is predicted from the available well log responses, the corresponding 386 
porosity permeability relationship can be applied to estimate permeability for that rock type. This 387 
approach allows the permeability distribution to preserve the heterogeneity identified from core, 388 
mineralogical, and petrophysical data, rather than imposing a single permeability trend across the entire 389 
reservoir. Consequently, the resulting permeability model is expected to provide a more realistic 390 
representation of spatial permeability variability and can support reservoir characterization, static model 391 
construction, rock type definition and subsequent reservoir simulation and production-related 392 
evaluations. 393 
 394 

5.4 Reservoir rock type characterization 395 
The integrated analysis of routine core analysis (RCA), special core analysis (SCAL), electrofacies 396 
classification, and depositional facies interpretation enabled the development of representative 397 
reservoir rock type identification cards for the studied reservoir intervals (Fig. 16, Fig. 17, Fig. 18 and 398 
Fig. 19). Each rock type exhibits distinct petrophysical, pore throat, and depositional characteristics 399 
controlling reservoir quality and flow behavior. 400 
 401 
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 402 
Fig. 16. RT-1 ID card with, porosity permeability cross plot, pore throat sizes distribution, core slabe, SEM 403 
plate, thin section and winland R35. 404 
 405 
RT-1 corresponds to poor-quality reservoir intervals characterized by porosity values ranging from 5 406 
to 8% and permeability below 1 mD (Table 5). This rock type is commonly associated with laminated 407 
mud-flat facies strongly affected by silica cementation. The pore system is poorly connected, as 408 
indicated by an average pore throat radius of approximately 0.1 μm, resulting in high entry capillary 409 
pressure and elevated irreducible water saturation. 410 

 411 
Fig. 17. RT-2 ID card with, porosity permeability cross plot, pore throat sizes distribution, core slabe, SEM 412 
plate, thin section and winland R35. 413 
 414 
RT-2 represents low-quality reservoir intervals with porosity ranging from 12 to 18% and 415 
permeability generally below 10 mD (Table 5). These intervals are commonly associated with mud-416 
supported facies and fine-grained textures. The pore throat system remains weakly connected, with an 417 
average pore throat radius near 0.5 μm. 418 
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 419 
Fig. 18. RT-3 ID card with, porosity permeability cross plot, pore throat sizes distribution, core slabe, SEM 420 
plate, thin section and winland R35. 421 
 422 
RT-3 corresponds to moderate-quality reservoir intervals characterized by porosity values between 20 423 
and 27% and permeability around 10 mD (Table 5). These facies are generally grain-supported with 424 
variable cement or matrix content. Secondary porosity generated by dissolution processes locally 425 
enhances pore connectivity. The average pore throat radius is approximately 5 μm. 426 

 427 
Fig. 19. RT-4 ID card with, porosity permeability cross plot, pore throat sizes distribution, core slabe, SEM 428 
plate, thin section and winland R35. 429 
 430 
RT-4 represents the highest quality reservoir intervals with porosity values ranging from 28 to 35% 431 
and permeability reaching up to 1000 mD (Table 5). These intervals are associated with grain 432 
supported facies exhibiting improved pore connectivity and larger pore throat systems, with an 433 
average pore throat radius near 10 μm. The low clay content and enhanced pore connectivity 434 
significantly improve reservoir flow capacity. 435 
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Table 5. The Minimum, maximum and average values for porosity, permeability per rock type. 436 
Variables RT-1 RT-2 RT-3 RT-4 

 

Min 

 

Avg 

 

Max 

 

Min 

 

Avg 

 

Max 

 

Min 

 

Avg 

 

Max 

 

Min 

 

Avg 

 

Max 

Porosity (%) 4.28 6.36 8.77 12. 15.18 19.12 20.72 23.89 27.42 28.08 32.28 37.37 

Permeability (mD) 0.015 0.535 1.11 2.45 5.95 9.683 11.4 54.78 99.87 101.4 1009 1918 

 437 
6. Conclusion 438 
This study presented an integrated reservoir characterization workflow for permeability prediction in 439 
the heterogeneous shaly sand reservoirs of the Middle Bahariya Formation in the NEAG-5 Field, 440 
Western Desert, Egypt. The workflow combined core analysis, rock types, machine learning based 441 
electrofacies modeling, XRD analysis, and SEM observations to investigate the main controls on 442 
permeability variability. 443 
The major conclusions of this study can be summarized as follows: 444 
• Permeability heterogeneity is primarily controlled by clay mineral content, clay morphology, and pore 445 
throat connectivity rather than porosity alone. 446 
• Four reservoir rock types (RT-1 to RT-4) were identified using hydraulic flow unit analysis and 447 
Winland pore throat classification. 448 
• High quality reservoir intervals are associated with low clay content and improved pore connectivity, 449 
whereas poor quality intervals contain abundant illite, kaolinite, and smectite. 450 
• Electrofacies modeling successfully extended rock typing and permeability prediction into uncored 451 
wells using conventional well logs. 452 
• Porosity permeability transforms based on rock types are significantly improved permeability 453 
estimation compared to conventional field wide transforms. 454 
• The integrated workflow reduced uncertainty in static reservoir characterization and provided a 455 
reliable methodology for permeability prediction in heterogeneous shaly sandstone reservoirs. 456 
• Rock type specific porosity permeability relationships substantially improved the statistical 457 
consistency of permeability estimation compared with the global relationship. The global model yielded 458 
an R2 of 0.8623 and an RMSE of 0.5512, whereas the four rock type specific models yielded R2 values 459 
of 0.9520 – 0.9929 and RMSE values of 0.0958 – 0.2190. This demonstrates that incorporating reservoir 460 
rock typing reduces the scatter associated with permeability heterogeneity and provides a more 461 
representative basis for permeability estimation in the NEAG-5 reservoir. 462 
• The integrated workflow provides a practical approach for extending core derived permeability 463 
information to uncored intervals and wells. By predicting the reservoir rock type from well log 464 
responses and applying the corresponding rock type specific porosity permeability relationship, 465 
permeability can be distributed throughout the reservoir while preserving the heterogeneity associated 466 
with different flow units. This approach can improve the geological realism of permeability models and 467 
provide a stronger basis for reservoir characterization and subsequent flow modeling. 468 
 469 
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Scanning electron microscopy SEM 

Special core analysis SCAL 

Stands for Coefficient R2 

Stratigraphic Modified Lorenz Plot SMLP 

X-ray diffraction XRD 
 506 
References 507 

1. Abu Mostafa, A., Abu Khadrah, A. M. & Refaat, A. A. Impact of diagenesis on 508 

reservoir quality evolution of the late Cenomanian Abu Roash “G” Member in the 509 

Sitra Field, North Western Desert, Egypt. Mar. Pet. Geol. 95, 255–264 (2018). 510 

2. Worden, R. H. & Morad, S. Clay Minerals in Sandstones: Controls on Formation, 511 

Distribution and Evolution. in Clay Mineral Cements in Sandstones 1–41 (Wiley, 512 

1999). doi:10.1002/9781444304336.ch1. 513 

3. Leila, M. Clay minerals distribution in the pre-, syn-Messinian salinity crisis sediments 514 

of the onshore Nile Delta, Egypt: Mineral origin and implications on the reservoir 515 

quality. Journal of African Earth Sciences 154, 35–48 (2019). 516 

4. Shehata, A. A. et al. Optimizing permeability and porosity prediction with advanced 517 

machine learning: A case study unlocking the complexities of late cretaceous 518 

reservoirs, gulf of suez, Egypt. Journal of African Earth Sciences 228, 105670 (2025). 519 

5. Kassab, M., Abbas, A., Shanab, M. A. & Magdy, M. Advanced Unconventional Water 520 

Saturation Models of Thin Bedded Reservoir of Bahariya Formation in AlFadl Field, 521 



21 

 

Abu Gharadig Basin, Western Desert, Egypt. Egyptian Journal of Petroleum 34, 522 

(2025). 523 

6. Farrag, G. H., Baghdady, A. & Elnaggar, O. M. Petrophysical attributes of the middle 524 

zone of the Bahariya Formation as a producing reservoir using core analysis 525 

correlations and log evaluation, Abu Sennan area, Egypt. Journal of African Earth 526 

Sciences 180, 104225 (2021). 527 

7. Saleh, A. H., Hemimey, W. A. El & Leila, M. Integrated Geological and Petrophysical 528 

Approaches for Characterizing the Pre-Cenomanian Nubian Sandstone Reservoirs in 529 

Ramadan Oil Field, Central Gulf of Suez, Egypt. Arab. J. Sci. Eng. 48, 7939–7958 530 

(2023). 531 

8. Osman, W., Kassab, M., ElGibaly, A. & Samir, H. Petrophysical evaluation of 532 

sandstone gas reservoir using integrated well logs and core data for the Lower 533 

Cretaceous Kharita formation, Western Desert, Egypt. J. Pet. Explor. Prod. Technol. 534 

11, 3723–3746 (2021). 535 

9. Falamouny, P., Morsy, A. & Kinway, M. SPE-198334-MS Integrated Dynamic and 536 

Static Characterization Study to Redevelop Mature Reservoir in Gulf of Suez. (2019). 537 

10. Saputelli, L. et al. SPE-196704-MS Deriving Permeability and Reservoir Rock Typing 538 

Supported with Self-Organized Maps SOM and Artificial Neural Networks ANN-539 

Optimal Workflow for Enabling Core-Log Integration. (2019). 540 

11. Lala, A. M. S. & El-sayed, N. A. E.-A. The application of petrophysics to resolve fluid 541 

flow units and reservoir quality in the Upper Cretaceous Formations: Abu Sennan oil 542 

field, Egypt. Journal of African Earth Sciences 102, 61–69 (2015). 543 

12. Sayed, A. M. A. El, Zayed, S. & Sayed, N. A. El. Permeability Prediction Using 544 

Hydraulic Flow Units: Baltim North Gas Field, Nile Delta, Egypt. International 545 

Journal of Geosciences 12, 57–76 (2021). 546 

13. Dolson, J. C., Shann, M. V., Matbouly, S. I., Hammouda, H. & Rashed, R. M. Egypt in 547 

the Twenty-First Century: Petroleum Potential in Offshore Trends. GeoArabia 6, 211–548 

230 (2001). 549 

14. Abdullah, M. & Garrouch, A. A New Approach for Rock Typing Using Dimensional 550 

Analysis: A Case Study of Carbonate Reservoir. in SPE Kuwait Oil & Gas Show and 551 

Conference (SPE, 2019). doi:10.2118/198026-MS. 552 

15. El-Sayed, A. M. A. et al. Rock typing based on hydraulic and electric flow units for 553 

reservoir characterization of Nubia Sandstone, southwest Sinai, Egypt. J. Pet. Explor. 554 

Prod. Technol. 11, 3225–3237 (2021). 555 

16. Bize Forest, N., Abbots, F., Baines, V. & Boyd, A. OTC-29694-MS Identifying 556 

Reservoir Rock Types Using a Modified FZI Technique in the Brazilian Pre-Salt. 557 

(2019). 558 

17. Rashad, O., El‐Barkooky, A. N. & El‐Araby, A. Artificial Neural Network Application 559 

in Facies Classification and Prediction: A Case Study From the North East Abu 560 

Gharadig Basin, North Western Desert, Egypt. Journal of Petroleum Geology 561 

https://doi.org/10.1111/jpg.70058 (2026) doi:10.1111/jpg.70058. 562 

18. Ravansalar, M., Tabaei, M. & Tabatabaei, S. H. Determination of Rock Type Using 563 

Winland and SMLP Methods and Combining It with Petrophysical Analysis of Well 564 

Logging Bangestan Reservoir in Shadegan Oil Field. 565 

19. Ali, J. et al. Hydrocarbon Potential Assessment of Carbonate-Bearing Sediments in a 566 

Meyal Oil Field, Pakistan: Insights from Logging Data Using Machine Learning and 567 

Quanti Elan Modeling. ACS Omega 7, 39375–39395 (2022). 568 

20. Elhossainy, M. M., Abdelmaksoud, A., Ali, M. & Alrefaee, H. A. Integrated 569 

sedimentological and petrophysical characterization of the Lower Cenomanian clastic 570 

Bahariya reservoir in Abu Gharadig Basin, Western Desert, Egypt. Journal of African 571 



22 

 

Earth Sciences 184, 104380 (2021). 572 

21. Shehata, A. A. et al. Optimizing permeability and porosity prediction with advanced 573 

machine learning: A case study unlocking the complexities of late cretaceous 574 

reservoirs, gulf of suez, Egypt. Journal of African Earth Sciences 228, 105670 (2025). 575 

22. El-Sayed, A. M. A. et al. Rock typing based on hydraulic and electric flow units for 576 

reservoir characterization of Nubia Sandstone, southwest Sinai, Egypt. J. Pet. Explor. 577 

Prod. Technol. 11, 3225–3237 (2021). 578 

23. Kassab, M. A., Elgibaly, A., Abbas, A. & Mabrouk, I. Identification and distribution of 579 

hydraulic flow units of heterogeneous reservoir in Obaiyed gas field, Western Desert, 580 

Egypt: A case study. Am. Assoc. Pet. Geol. Bull. 105, 2405–2424 (2021). 581 

24. El Gazzar, A. M., Moustafa, A. R. & Bentham, P. Structural evolution of the Abu 582 

Gharadig field area, Northern Western Desert, Egypt. Journal of African Earth 583 

Sciences 124, 340–354 (2016). 584 

25. Shell Exploration and Production. Bapetco Reservoir Modelling Knowledge Base 585 

(RMKB) (Internal Database). (2014). 586 

26. Khalifa, M. A. & Catuneanu, O. Sedimentology of the fluvial and fluvio-marine facies 587 

of the Bahariya Formation (Early Cenomanian), Bahariya Oasis, Western Desert, 588 

Egypt. Journal of African Earth Sciences 51, 89–103 (2008). 589 

27. Bevan, T. G. & Moustafa, A. R. Inverted rift-basins of northern Egypt. in Regional 590 

Geology and Tectonics: Phanerozoic Rift Systems and Sedimentary Basins 482–507 591 

(Elsevier, 2012). doi:10.1016/B978-0-444-56356-9.00018-3. 592 

28. Amaefule, J. O., Altunbay, M., Kersey, D. G. & Keelan, D. K. SPE 26436 Enhanced 593 

Reservoir Description: Using Core and Log Data to Identify Hydraulic (Flow) Units 594 

and Predict Permeability in Uncored Intervals/Wells. (1993). 595 

29. BAPETCO. NEAG 5 Mini Appraisal and Development Plan (Unpublished Internal 596 

Report). (2012). 597 

30. Corex. Sedimentological and Petrographic Analyses on the Cored Bahariya Formation 598 

from NEAG-5 Field, Western Desert, Egypt (Unpublished Internal Report). (2019). 599 

31. Khazaie, E. et al. Electrofacies modeling as a powerful tool for evaluation of 600 

heterogeneities in carbonate reservoirs: A case from the Oligo-Miocene Asmari 601 

Formation (Dezful Embayment, southwest of Iran). Journal of African Earth Sciences 602 

195, 104676 (2022). 603 

32. Gunter, G. W., Finneran, J. M., Hartmann, D. J. & Miller, J. D. Early Determination of 604 

Reservoir Flow Units Using an Integrated Petrophysical Method. in SPE Annual 605 

Technical Conference and Exhibition (SPE, 1997). doi:10.2118/38679-MS. 606 

33. H. D. Winland. Evaluation of Gas Slippage and Pore Aperture Size in Carbonate and 607 

Sandstone Reservoirs. (1976). 608 

34. H. D. Winland. Oil Accumulation in Response to Pore Size Changes, Weyburn Field, 609 

Saskatchewan. (1972). 610 

35. Kolodzie, S. Analysis of Pore Throat Size and Use of the Waxman-Smits Equation to 611 

Determine OOIP in Spindle Field, Colorado. in SPE Annual Technical Conference and 612 

Exhibition (SPE, 1980). doi:10.2118/9382-MS. 613 

36. Mohammad Salehi, M., Omidvar, P. & Naeimi, F. Salinity of injection water and its 614 

impact on oil recovery absolute permeability, residual oil saturation, interfacial tension 615 

and capillary pressure. Egyptian Journal of Petroleum 26, 301–312 (2017). 616 

37. Abdullah, M. A New Approach for Rock Typing Using Dimensional Analysis: A Case 617 

Study of Carbonate Reservoir. (2019). 618 

38. Alvarez, A., Misságia, R., Brito da Silva, R. & Carrasquilla, A. Non-linear regression 619 

for permeability prediction and hydraulic flow units’ characterization from core and 620 

well logs of a pre-salt carbonate reservoir in the Santos Basin, Brazil. J. Appl. Geophy. 621 



23 

 

241, 105865 (2025). 622 

39. Nabih, M. & El Shinawi, A. Qualitative analysis of clay minerals and swelling 623 

potential using gamma-ray spectrometry logs: A case study of the Bahariya Formation 624 

in the Western Desert, Egypt. Applied Radiation and Isotopes 166, 109384 (2020). 625 

  626 
 627 



  l o g   R 35 = 0 . 732 + 0 . 588   l o g   K − 0 . 864  log ⁡ ∅


  R   T 1                     P e r m =  10  4 . 51 ∗ l o g 10  ( ∅ ) + 3 . 314


  R   T 2                     P e r m =  10  4 . 63 ∗ l o g 10  ( ∅ ) + 4 . 02


  R   T 3                     P e r m =  10  5 . 15 ∗ l o g 10  ( ∅ ) + 4 . 99


  R   T 4                     P e r m =  10  5 . 18 ∗ l o g 10  ( ∅ ) + 5 . 51

