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Abstract: To address the problems of low accuracy, poor spatial continuity and high uncertainty in 3D geological modeling caused
by sparse borehole data, unbalanced categories and complex geological structures, a phased joint modeling method integrating
semi-supervised deep learning and multiple-point geostatistics is proposed in this paper. Firstly, a semi-supervised Spatial-Aware
Attention Net (SAAN) based on neighborhood spatial context features is constructed, and the pseudo-label mechanism is utilized
to improve the classification accuracy of strata and to generate the initial model; Subsequently, the multiple-point geostatistics
Random Neighborhood Search (RNS) strategy is combined to iteratively optimize the areas with low confidence and geological
semantic conflicts; Finally, the collaborative consistency entropy is proposed to quantify the two-stage prediction consistency and
joint uncertainty. Taking the borehole data in the Chengdu Plain area as an example, the proposed method outperforms baseline
methods such as Inverse Distance Weighting (IDW), Support Vector Machine (SVM), Random Forest (RF), Multi-layer
Perceptron (MLP), and Kolmogorov-Arnold Networks (KAN) in terms of reproduction of stratum spatial distribution,
boundary characterization, and structural continuity. In addition, the collaborative consistency entropy can effectively identify
structural uncertainties and avoid misjudgments of high entropy values but consistent predictions. The proposed phased joint
modeling framework can achieve high-precision, structurally reasonable and uncertainty controllable three-dimensional
geological model reconstruction under the conditions of limited and unbalanced borehole data, providing effective technical
support for the characterization and engineering application of underground structures in complex geological environments.
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Fig.1 SAAN-RNS 3D geological modeling flowchart
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Fig.6 Modeling area (a) and borehole distribution (b)
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Fig.7 Main geological objects of the study area (a) and the visualization of borehole data (b)
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Table 1 Examples of sample feature composition

i 25 A5 BARTE (2, y, 2) 25 ] 1R SCRFAE AL Z 5
1 (0.0331 78, 0.160 705 3, 0.216 277) {C3:0.999, C14:0.001, HiAth: 0} C3
2 (0.217 720, 0.388 336, 0.431 014) (C9: 1, HAfh: 0} C9
3 (0.967 242, 0.405 988, 0.394 255) {C13:0.784, C14: 0.216, HAl: 0} C13
4 (0.005, 0.845, 0.341) {C4:1, HA: 0} C4
5 (0.175, 0.925, 0.241) {C3:0.515, C4: 0.240, C8: 0.245, HiAlh: 0} C3
6 (0.455, 0.325, 0.525) {C9: 0.246, C13:0.754, HAth: 0} C13
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Table 2 The information entropy values of the six cells

BALTT N A% HITHE 1 HITH 2 HITH 3 AT 4 PAITHE 5 FITHE 6
A I 1 1.168 2 1.082 3 1.095 0 1.3255 7.5549%10° 7.7248X10°
Bip I] — B i 1 0.5131 0.402 6 1.029 0 1.1237 4.2329%10 " 3.6835x10"

Cl14-S1
2.07%

HIERES LA
12 XA B TTA% P B Bt 22 s e ABE 25 4 A 0 41

Fig.12 Pie chart of two-stage formation attribute probability distribution in six cells

et al., 2021) . A [m) #5 AU 1 M g X5 bE 45 A an 3R 3 ®3 FREEMERETR
BT R, Ho SAAN B g F1 45 43 3k % 0.983 0 Table 3 Performance evaluation of different models
% 1A M B [ Accuray Precison Recall Fl-score
. SVM 0.765 1 0.739 6 0.765 1 0.7399
K 13 B/~ T IDW.SVM, RF.MLP. KAN,
. N RF 0.929 3 0.930 3 0.929 3 0.928 0
SAAN-RNS;?6@%@7?%?9"]:&%@@1‘%% MLP 0.955 6 0.956 2 0.955 6 0.9550
BT 2 7 VR Y BE B T2 B Hh )2 Y 7S () KAN 0.956 1 0.958 2 0.956 1 0.956 5

ﬁ:}-}ﬁ ﬂ%?ﬁJﬁﬁEf?éﬁA@giﬂﬁXUEﬁgﬁﬁﬁ SAAN 0.983 0 0.983 3 0.983 0 0.983 0
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