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Fracture Classification-Grading Prediction Technology and Application in
Carbonate Reservoirs: A Case Study from the Tahe Oilfield, Tarim Basin
Wang Zhen'2, Rao Yin!, Xie Haiyang®, Shi Guanzhong’

(1.China University of Petroleum,Beijing 102249,China
2.Sinopec Northwest Company, Urumgi 830011,China
3.School of Earth Resources, China University of Geosciences, Wuhan,430074)
Abstract:Carbonate reservoirs are important carriers of global oil and gas resources. The development
characteristics of their internal karst caves and fault systems directly affect the storage and migration capacity
of oil and gas. In order to solve the problem of multi-scale fault prediction in deep and ultra-deep carbonate
reservoirs, this study takes the Ordovician carbonate rocks in the Tahe Oilfield in the Tarim Basin as an
example and proposes a classification and grading fault prediction technology based on seismic wave field
characteristic analysis. The interference mechanism of large-scale fracture-cavity bodies on conventional
fault prediction attributes (such as coherence and maximum likelihood) is revealed through three-dimensional
forward simulation, and it is found that the "beaded" reflection anomaly at the boundary of the fracture-cavity
body will lead to false connectivity of faults and relocation deviation. Based on the differences in the scale
and dissolution characteristics of the faults, the fault system in the study area is divided into large-scale
broken-dissolution faults (>20 m), medium-scale weak-undissolved faults (10 - 20 m) and small-scale
fractures (<10 m), and targeted prediction methods are developed for each of them: for large-scale faults, a
fracture retrieval technology based on gradient structural tensor thinning is proposed to effectively overcome
the interference of abnormal boundaries of karst caves; for medium-scale faults, the longitudinal continuity
of the faults is significantly improved by combining AFE coherent enhancement attributes with U-Net deep
learning algorithm; for small-scale fractures, the Likelihood attribute and structural guidance filtering are
used to accurately extract weak reflection signals. Further, a well control multi-attribute fusion model is
constructed by fusing multi-scale fault attributes and drilling loss data through deep feedforward neural
network (DFNN). The application results show that this technology system has achieved full-scale
characterization of the fault system in the complex fracture-cave area ofTahe Oilfield. Large-scale strike-slip
faults are distributed in a conjugate NNE-NNW direction, medium-scale faults form flower-like structures,

and small-scale fractures are densely developed on the active disk (east side) of the fault. This study provides



a new technical approach for the prediction of deep carbonate reservoir faults and has important reference

value for the exploration and development of similar oil and gas reservoirs.

Key words: Tahe Oilfield, Carbonate Rocks, Fractures, Structural Tensors, Fine Coherence, Classification,
Classification, Connectivity.
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FREEHEIE, B0 W R R G IR E B RAE S 70 O 5T O IRIR 2556 i )= b 5 7 R BT 9
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W 2SR 52 ARG AH T A T 22 Rt ZR, B T A 1 B 25U2R (Chopra and Marfurt,
2010; Xie et al., 2022; Zhang et al., 2021). SR, IXLLHT R AR BAFLE DU B .
N, 52 SRS 1A ) << 8 BRHR SR S 90, TOUN I 2R ) o B AN B AR AR L 2 1R 22
52 GORHRI AR EE 0, TR0 ) W RAE DN ) FIESMEEC#E (Zeng et al., 2011)
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BRI, Wgrail. ENS-a LD B hnsem, TR I ARV A4 NEE () E T MR &
G55, 20105 XIZESE, 2017; 205 K4, 2017; FESE, 2019). KN EWR 32
KE TR RRREE T, 5B ERRE AR ER, BHEmE%. if
FRW, INERAZ IR IE TGN A G, RIS NE-SW [m)$5 He 3 i
— IR T RGE M (BT S, 2024 TRKESE, 2024). S5 H R R K E A FH
UGETE WL, RIS B A6 AT B I R B A ZE R, IR AR P& B 1 RO R . H AT
P& AT Tk R 3h 2 W 2L U 12 R 7 % £ EA AMEEA T i1 % . AFE(Amplitude-Fidelity-
Enhanced). & KMUA . IR S S5 Mok S5 7 VA (NS * 5 2017; ERESE, 2019). T4
R LA RN 2E I 28 AR HOUR JEE 55 STHEOR I RN e A2 W S AS B Rar I 7 ThI AR A T A4%
GERIAA T AR B G g i, T L X B2 T OGN S T, A B AR B
(KINTEE, 20205 MRIR%25E, 2022; Weietal., 2022).
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Figure 1. Regional Location Map of Tahe Oilfield. a: Location of Tahe Oilfield; b: Distribution
Map of the Study Area.
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Figure 2. 3D numerical fracture-cavity model and planar maps of energy, coherence, and
likelihood attributes. (a)Fracture-cavity models at different scales; (b)Overlay of fracture-cavity

models at different scales with energy attributes; (c) Coherence attribute of the 3D model; (d)
Coherence and likelihood attributes of the 3D model.
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TEOIR B W RN MR . BN, MR I8 AT RER B 59 9R IR SRR AR, X 53
) 99 S I — B (g 94, 20205 EEMSE, 2023). ANRESS-RIE MR R LE—
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Table 1 Classification and grading prediction technology of carbonate fractures in Tahe Oilfield
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Figure 3. Comparison of conventional coherence attributes and tensor thinning profiles/planar
maps. (a) Overlay of conventional coherence fracture detection and original profile; (b) Overlay
of tensor thinning fracture detection and original profile; (c) Planar map of conventional

coherence fracture detection; (d) Planar map of tensor thinning fracture detection.
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Figure 4. Structure of the U-Net Convolutional Neural Network.
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Figure 5. Comparison of fracture detection results between AFE and machine learning in cross-

sections. (a) AFE fracture detection profile (black); (b) Machine learning-based fracture

prediction profile (red, blue).
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Figure 6. Prediction Results of Small-Scale Fracture Spatial Distribution
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Figure 7. Multi-attribute fusion data volume. (a) Variance volume; (b) AFE coherence-enhanced

attribute volume; (c) Tensor thinning volume; (d) Deep learning volume under U-Net

architecture; (e) Multi-attribute classification and hierarchical fusion volume using deep

feedforward neural network.
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Figure 8. Depth-migrated profiles of typical fractures with superimposed maps of
classification/prediction, refined coherence, and original seismic sections. (a) Depth-migrated
profile of typical fractures;(b) Superimposed map of classified/predicted fractures and original
seismic profile;(c) Superimposed map of refined coherence attributes and original seismic

profile.
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Figure 9 Planar comparison of classification/grading prediction and refined coherence effects.
(a) Refined coherence (black) + energy (red, yellow, green); (b) Classified/graded fractures
(black) + energy (red, green).
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Figure 10 Distribution characteristics of large-to-medium-scale fracture geometric patterns and
spatial development models of faults at different horizons in the study area. (a-d) Red lines
represent large-scale fractures, while yellow, green, and blue lines denote medium-scale
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Figure 11. Representative strike-slip structural styles of large-scale and medium-scale classified
fractures identified in the Tahe area. Dark lines represent identified large-scale fractures, while
light gray lines denote medium-scale fractures under identification.(a) Positive flower structure;

(b) Negative flower structure; (c) Vertical structure.
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Figure 12. Planar distribution characteristics of fractures and fissures identified through
hierarchical classification and seismic attribute fusion in the study area.(a) T80 interface;

(b) T78 interface;(c) T76 interface interpretation;(d) T74 interface.
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Figure 13. (a)Demonstration of different scale fracture seismic identification results; (b)

indicates the location of figure (c); Both the planar view (b) and cross-section (c) show that

the fracture density on the eastern side is significantly higher than that on the western side.
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