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This study compared different flow-rate control algorithms based on vision-based
indirect measurements in a pneumatic control system for polydimethylsiloxane
microfluidic chips used in flow cytometry. Microfluidic systems are difficult to
control precisely using a mathematical model alone owing to channel
fabrication errors and bubble formation, and conventional iterative learning
control (ILC) converges quickly, but is unstable under measurement noise.
Thus, a physics-informed Bayesian optimization (PIBO) method that registered
the Poiseuille law as the prior mean function of a Gaussian process was
proposed. To emulate the experimental uncertainty, the measurement, offset,
and spike noise were applied to a virtual chip model, and ILC, standard BO,
and PIBO were compared. Under increasing noise, ILC exhibited persistent
oscillation after convergence, whereas PIBO maintained stable convergence by
statistically absorbing noise. PIBO was further applied to an actual pneumatic
flow-control system, where it reliably converged to the target flow rate, thereby
confirming its practical feasibility.
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Table 1 System properties and channel parameters
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Parameter Symbol Value Unit
Working fluid - HFE-7500 -
Dynamic viscosity n 124 x 107 Pa's

Density p 1614 kg/m®
Channel height h 50 pm
Channel width (main) w 150 pm
Sample line resistance Reotals 6.2 x 10" Pa-s/m’
Sheath line resistance Riotalsh 10.9 x 10" Pa-s/m’
Capillary barrier APy 3.29 mbar
Hydrostatic offset APgray 1.583 mbar/cm
Pixel conversion factor - 2.637 pum/pixel
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Table 2 Noise conditions for simulation

Noise type Range Description
Measurement Per-frame
casurerie 3~10% pixel-level
noise
random error
Offset noise 0~20% Systematic bias
Spike noise 1.1~2.0 times, Occasional
P 10% probability abnormal reading
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Metric Noise ILC Standard BO| PIBO
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Table 4 Convergence results of PIBO over independent experiments
(Target = 100 pL/hr)

Experiment Mean flow | Mean error | PSample PSheath
rate (uL/hr) (%) (mbar) (mbar)
1 108.3 8.5 10.5 27.1
2 108.0 8.4 10.5 274
3 94.1 8.0 11.7 24.9
Mean + SD | 103.5+6.7 83 109+0.6 | 26.5+1.1
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