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ABSTRACT In the volume fracturing of unconventional oil and gas reservoirs, many proppant particles are injected underground
along with the fracturing fluid, and their placement patterns determine the propping effect and conductivity of fractures. Accurate
prediction of the in-fracture proppant placement patterns can help optimize the fracturing design and improve fracturing efficiency.
Currently, experimental and numerical methods are the main approaches for reproducing the proppant accumulation process and
placement patterns in fractures. These methods are still confined by limited simulation scales, time-consuming computations, and high-
cost operations. In this paper, the two-fluid method was employed for numerical simulations, with a primary focus on the effects of drag,
virtual mass, and lift forces on the momentum exchange between phases. The numerical simulations were conducted on the Fluent
platform, and the simulation results were validated against experimental data to ensure reliability and accuracy. The numerical simulation
results of proppant transport would be adopted as data sets for input, training, and testing. To characterize the intricate accumulation and
packing dynamics of proppants, we distilled key parameters, specifically the concentration distribution and accumulation height profiles.

Through correlation analysis, the primary factors influencing these characteristic parameters were identified. Intelligent proxy models for
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the prediction of proppant placement patterns were established on the basis of the cascade neural network, including a time-concentration
model for predicting particle volume fraction and a displacement-height model for predicting particle placement height. The former
model enabled predictions of the distribution of proppant concentrations within the fracture at different times, whereas the latter allowed
estimation of how the stacking heights of proppants varied with the injection rate. Furthermore, the grid precisions of the prediction
models were optimized to enhance their accuracy and performance. The data were allocated to the training, validation, and testing phases
of the surrogate model at a ratio of 6 : 2 : 2, respectively. Specifically, 60% of the data was used for training the models, 20% was used
for validation to fine-tune the models’ parameters, and another 20% was used for testing to evaluate the models’ performance on unseen
data. The results showed that the predictions of proppant placement patterns were highly consistent with the numerical simulation results.
For the time-concentration model, the prediction results were closely aligned with the numerical simulation outcomes, successfully
capturing the characteristics of a constant placement height and a progressive increase in placement length after reaching the equilibrium
height. For the displacement-height model, although the predicted placement profile lacked detailed irregularities of the proppant
accumulation surface because of model simplification, it accurately described the characteristic variation in placement morphology with
changes in injection rate, demonstrating that the surrogate model for predicting particle placement height can also efficiently capture the
proppant placement morphology within the fracture. Additionally, the time consumed by a single prediction step was only 0.14% of the
time consumed by a single simulation step. The model and approach proposed in this study accelerated the speed of proppant transport

simulation and greatly shortened the prediction time of the proppant placement patterns, which could be widely applied in fracturing in

the field after further improvement.

KEY WORDS volume fracturing; proppant; placement pattern; cascade neural network; surrogate model
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Fig.1 Flowchart of surrogate model prediction for proppant placement morphology within fractures
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Table 1 Mathematical expressions for the surrogate model
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Fig.5 Correlation between the input parameters in the interest cell and the predicted target
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Table 2 Input parameters of the surrogate model for particle volume fraction prediction

Parameter Number
Phase fraction and two-phase velocities in the central unit 5

Phase fraction and two-phase velocities in the first layer 4x5=20
Distances from the central unit to the fracture boundaries (top, bottom, left, right) 4
Total input 29
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Fig.7 Schematic of the cascade neural network for particle volume fraction prediction (w-weight, b-bias)
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Table 3 Meshes with different precisions (for particle volume fraction
prediction)

Grid size after interpolation/cm Grid number

10 (Sparse) 151x7=1057
5 (Medium) 301x16=4816
2 (Fine) 751x31=23281
Solid fraction/%

[ e — ]
0 0.1030.40.50.6
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Fig.12 Proppant placement pattern at 244 s (for particle volume fraction
prediction)
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Table 4 Height error using different grids

Height error/cm
Grid size/cm

196 s 220's 244 s

10 (Sparse) 1.94 3.37 5.16
5 (Medium) 1.09 1.80 2.13
2 (Fine) 0.41 1.10 1.36

RS ANTFPHE LR (B AR = )
Table 5 Meshes with different precisions (for particle packing height

prediction)
Grid size after interpolation/cm Grid number
10 (Sparse) 301x4=1204
5 (Medium) 751x4=3004
2 (Fine) 1501x4=6004
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Fig.13 Proppant placement pattern at 200 s (for particle packing height

prediction)

3 HEROW
3.1 FALKFR 4 BT

PA 50 L-min ' FF 47 B0 (8 45 400 0, 2 85 500 6 7E
244 s Bl B A 2 S A L A A B URL A R 43 8K

U PR Y XoF A B K ISP i v B T A IS R
DA 192 s B A BB 0L 235 SR AR R I 258k 8, 194 s B
B BSOS 01 45 A A AR B AL B A, T3 T 196
2 244 s B SCEE A E 2R (& 14) . A BRAR 2 $i )
SR S5EEBLZE RV &R (K] 15), figig o8
A i S A R A v B R B Y L b
S ) TR A7 AN 722 PR SRR OE ARG (B 1 2 A )

Solid fraction/%

[ e — ]
0 0.1 0.30.40.50.6

Surrogate model:
Numerical simulation:
Surrogate model: 22

Numerical simulation:

Surrogate model: 244 s

B 14 BLLS T0SE S0 L P e BERTD
Fig.14 Comparison of simulation and prediction (before reaching the

equilibrium height)

196 s B ([ 16(a) ), i3l (Numerical simulation)
1D B S5 KR B R a4 435I R 0.41 1 12.66 m,
T3 ( Surrogate model) il 3 f5e I 15 B Al dae it 4 i 43
R 0.41 Al 12.64 m, $LA5 3K 0.998, fim < iR
F4 2 cm. 244 s B (& 16(b) ), F5EHU0 SR d5e A s 8
Hl 5 1 K B 3 51 4 0.53 F113.29 m, Tl I 20 B2 f%
K BE R K B 4300 o 0.50 A 12.75 m, $UA
K 0.993, f5e K B R R 4K B 1R 22 1 43 LA il o
5.0% i 3.6%. 52 Uk 4514 1% 22 2R3 K A9 52 ),
S 357 pr B 15 22 Tt 00 [ 398 i 6 K (1 16(c) ),
M 0.48 cm(196 )3 K % 1.24 cm(244 s).

Sk G BT PR AR R 50 00 A A 7R S A 3 A
IS 2 B I RO IE FH P, DA 280 s B ) B (I A5 40 2%
TN AN SR8, 282 s BF (0 B (B 400 45 SR A AR
FAR R By A, T T 286 Z 330 s fiky 3 45 50 il 4
TR 17) . AR BRAR R T 285 5 55 B A 4 45 SR W)
AR R (] 18), RE NS 58 4 i £ 745 /&1 B )5 4l

60
196 5
5 40} 2205
z 2445
Z 20t
0 1 1 1 T
0 300 600 900 1200 1500

Fracture length /cm

B 15 Dl E I A R (P = R
Fig.15 Outlines of placement pattern by prediction (before reaching the equilibrium height)
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Fig.18 Outlines of placement patterns by prediction (after reaching the equilibrium height)
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Fig.21 Comparison of the outlines of placement patterns under different pumping rates (200 s)
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