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Abstract

A flow rate prediction model for the spiral flow field of a decanter centrifuge based on a deep
learning approach is proposed. Numerical simulation of fluid dynamics problems mainly relies on
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solving discretized governing equations, and deep learning shows new promise in solving fluid
problems due to its ability to handle strong nonlinearities and high dimensionality. However, off-
the-shelf neural network architectures are mostly used for simple flow fields and are underuti-
lized for slightly more complex flow fields. First, a structured deep neural network with partial
differential equations for flow field control (Navier-Stokes equations) is used to drive the training
by incorporating the losses of the DNN; then, a flow velocity prediction model is built by imposing
boundary conditions based on the characteristic parameters of the spiral flow field; finally, the
constructed model is used to predict the flow velocity distribution in the spiral flow field of a de-
canter centrifuge and experiments are conducted to compare the results with those of numerical
simulations. The results show that the constructed model is in good agreement with the numerical
simulation results by predicting the flow velocity under different pressures and angular velocities
of the flow field.
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Figure 1. Schematic diagram of flow rate modeling for helical flow field
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Figure 2. Two-dimensional schematic diagram
of the flow field in the column section of decan-
ter centrifuge
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Table 1. Structural parameters of LW-450 decanter centrifuge
e 1. LW-450 EMEE DLV HISH

HEHSHL 1l LAY ol
FE B K BE (mm) 1024 I JE R (mm) 8
B B BE (mm) 663 - 5 T5RE (mm) 2
A () 0 B A (mm) 450
FHEA () 8 kL E AR (mm) 60
BB BE 1% 2% S FE (mm) 160 BB BE 1% 2% S A2 (mm) 128
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rad/s B JE A S

M3 FRfUE Y, AR AR 2 R SRR s YR IAER, B AR, s RR
E IR SMEE T AR By o K A FH T4 A TR IR T G ORI, AT 2 s D B AR /), RIS AR T
23K B — £y S MR THT AL i T B K

v
Velocity Magnitude

v
9.75e-01 Velocity Magnitude

a 1.43e+00
9.13e-01 # 1.35e+00
8.51e-01 1.26e+00
7.89e-01 1.18e+00
7.28e-01 1.10e+00
6.66e-01 1.01e+00
6.04e-01 9.29e-01
5.42e-01 8.45e-01
4.80e-01 7.62e-01
4.19e-01 6.78e-01
3.57e-01 5.95e-01

[m/s] [m/s]
y/elocity Magnitude - !
2.76e+00
2.60e+00
2.44e+00
2.29e+00
2.13e+00
1.97e+00
1.82e+00
1.66e+00
1.50e+00
1.35e+00
1.198+00
[m/s]

Figure 3. Flow velocity cloud of decanter centrifuge column section flow field
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Figure 4. Flow velocity prediction curve of decanter centrifuge column section flow field
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