

View

Online


Export
Citation

RESEARCH ARTICLE |  OCTOBER 18 2024

Neural network–enabled, all-electronic control of non-
Newtonian fluid flow 
Huilu Bao  ; Xin Zhang  ; Xiaoyu Zhang  ; Xiao Fan  ; J. William Boley  ; Jinglei Ping  

Appl. Phys. Lett. 125, 164105 (2024)
https://doi.org/10.1063/5.0226525

Articles You May Be Interested In

Electrical contactless microfluidic flow quantification

Appl. Phys. Lett. (January 2022)

 31 D
ecem

ber 2024 14:26:13

https://pubs.aip.org/aip/apl/article/125/16/164105/3317496/Neural-network-enabled-all-electronic-control-of
https://pubs.aip.org/aip/apl/article/125/16/164105/3317496/Neural-network-enabled-all-electronic-control-of?pdfCoverIconEvent=cite
javascript:;
https://orcid.org/0000-0001-9815-833X
javascript:;
https://orcid.org/0009-0009-0636-0959
javascript:;
https://orcid.org/0000-0002-7052-6927
javascript:;
https://orcid.org/0000-0002-2620-3143
javascript:;
https://orcid.org/0000-0003-0020-0988
javascript:;
https://orcid.org/0000-0003-0386-8828
https://crossmark.crossref.org/dialog/?doi=10.1063/5.0226525&domain=pdf&date_stamp=2024-10-18
https://doi.org/10.1063/5.0226525
https://pubs.aip.org/aip/apl/article/120/4/044102/2832981/Electrical-contactless-microfluidic-flow
https://e-11492.adzerk.net/r?e=_dXRtX3NvdXJjZT1wZGYtZG93bmxvYWRzJnV0bV9tZWRpdW09YmFubmVyJnV0bV9jYW1wYWlnbj1BUExfU1QrT3Blbitmb3IrU3VibWlzc2lvbnMifQ&s=xt_LLIhmqqhbaFCzgnPLvhxDXH4


Neural network–enabled, all-electronic control
of non-Newtonian fluid flow

Cite as: Appl. Phys. Lett. 125, 164105 (2024); doi: 10.1063/5.0226525
Submitted: 2 July 2024 . Accepted: 17 September 2024 .
Published Online: 18 October 2024

Huilu Bao,1 Xin Zhang,1 Xiaoyu Zhang,1 Xiao Fan,1 J. William Boley,2,3 and Jinglei Ping1,4,a)

AFFILIATIONS
1Department of Mechanical and Industrial Engineering, University of Massachusetts Amherst, Amherst, Massachusetts 01003, USA
2Department of Mechanical Engineering, Boston University, Boston, Massachusetts 02215, USA
3Division of Materials Science and Engineering, Boston University, Boston, Massachusetts 02215, USA
4Institute of Applied Life Sciences, University of Massachusetts Amherst, Amherst, Massachusetts 01003, USA

a)Author to whom correspondence should be addressed: ping@engin.umass.edu

ABSTRACT

Real-time, all-electronic control of non-Newtonian fluid flow through a microscale channel is crucial for various applications in manufactur-
ing and healthcare. However, existing methods lack the sensitivity required for accurate measurement and the real-time responsiveness neces-
sary for effective adjustment. Here, we demonstrate an all-electronic system that enables closed-loop, real-time, high-sensitivity control of
various waveforms of non-Newtonian fluid flow (0.76 ll min�1) through a micro-sized outlet. Our approach combines a contactless, cuff-like
flow sensor with a neural-network control program. This system offers a simple, miniaturized, versatile, yet high-performance solution for
non-Newtonian fluid flow control, easily integrated into existing setups.

Published under an exclusive license by AIP Publishing. https://doi.org/10.1063/5.0226525

Controlling the flow rate of non-Newtonian fluid is crucial in var-
ious fields, including food production,1,2 manufacturing,3,4 and health-
care.5,6 All-electronic flow control offers high compatibility in
industrialization and provides significant promise for miniaturization,
low cost, and speed. However, the dependence of viscosity on stress7

presents substantial challenges for accurate real-time, all-electronic
control of non-Newtonian flow rates, especially through a micro-sized
outlet where flow geometry and conditions often vary spatially.
Typical techniques often fall short in both flow sensing and adjust-
ment. Conventional ultrasonic flow meters8 are bulky and can have
inaccuracies of up to 18%.9 Coriolis flow meters10,11 offer high accu-
racy for low-viscosity non-Newtonian fluids but are costly, large, and
cause considerable disturbance to the measured flow.12 Additionally,
these methods, along with techniques reliant on computer vision mon-
itoring,13–15 face challenges in integrating with existing setups and
implementing flow rate quantification at a micro-sized fluidic outlet.
For flow adjustment, the widely used proportional–integral–derivative
(PID) controller16,17 is not fully automatic and is less effective for non-
linear flows, such as those of non-Newtonian fluids, particularly when
the flow measurement is subject to unknown disturbances.18–20

Here, we develop an all-electronic system for real-time, closed-
loop control of non-Newtonian fluid flow. This system comprises an
electrical flow sensor and an artificial-intelligence (AI) flow-adjustment

algorithm, as shown in Fig. 1. The flow sensor operates on a contactless
flow-sensing principle,21 using a cuff-like transducer that wraps around
the tip of the fluid dispensing nozzle (see the supplementary material—
Methods section for details). The flow-adjustment algorithm, based on
a radial basis function neural network (RBFNN), is capable of real-time
analysis and feedback22,23 and is suitable for controlling non-
Newtonian fluids compared to other algorithms (see the supplementary
material—Methods section for details). Our system delivers precise con-
trol of non-Newtonian fluids of various waveforms. The flow control
accuracy is 0.76llmin�1, meeting the requirements of most applica-
tions such as 3D printing,24 drug delivery,25 and artificial organs.6

In our system, the flow rate of epoxy resin with a viscosity of
1600 cP is set by a syringe pump with an electronic interface (Fig. 1). As
shown in Fig. 2(a), the flow rates (without flow control), determined
using a gravimetric method, deviate significantly from the flow rates set
on the syringe pump with a step waveform. The shear-thinning phe-
nomenon is observed in the experiment, as reflected by the spikes in the
data. The gravimetrically measured flow rate vs set flow rate plot
[Fig. 2(b)] demonstrates a maximal deviation of 107% 6 1%, reflecting
the nonlinearity of the epoxy resin flow.26 In contrast, the flow rate of
water, a Newtonian fluid, matches the pump flow rate.21

Our contactless flow sensor is based on a copper-tape transducer
(3mm in width) that wraps around a nozzle tip and connects to a
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coulomb meter, as shown in Fig. 1. The triboelectric interaction
between the flowing fluid and the tip generates electric potential varia-
tions detected by the coulomb meter. The time-dependent electric cur-
rent for the set step waveform is derived, as shown in Fig. 2(a), by

taking the time derivative of the coulometric measurement results over
time for the epoxy resin flow (supplementary material, Fig. S1). The
results show a clear association between the sensor current and the
gravimetrically measured flow rate over time. As shown in Fig. 2(c),
the sensor current for each flow rate, extracted from Fig. 2(a), depends
linearly on the gravimetrically measured flow rate (R2¼ 0.99).
Therefore, the sensor current is highly characteristic of the flow rate
through the linear relationship (the calibration curve), with a sensitiv-
ity of 0.018 pAminll�1 (slope of the linear response vs flow rate data)
and a resolution of 0.76llmin�1 (determined by dividing the noise
level by the sensitivity).

Flow rates, determined by real-time current signal from the flow
sensor and the linear current–flow rate relationship, are fed into the
RBFNN-based flow-adjustment algorithm. As shown in Fig. 3(a), the
neural network has three primary layers: the input layer, the hidden
layer, and the output layer. The input layer receives the target flow rate
(reference flow rate), r, and the coulometrically measured flow rate, y,
to generate an input vector x with four components: rt, yt, rt�1, and
yt�1, representing the most recent and previous target and measured
flow rates. The hidden layer consists of neurons that apply Gaussian
functions to x and performs weighted sum calculations to deliver an
output signal, u, in the output layer, to control the speed of the syringe
pump. This closed-loop control process continues iteratively, with an
analysis time of�2ms per data point.

We use the system that incorporates the contactless flow sensor
and the neural-network algorithm (see the supplementary material—
Methods section for details) to control three epoxy flow waveforms:
the step flow waveform [Fig. 2(a)] from 40 to 300llmin�1, a sinusoi-
dal flow waveform [Fig. 3(b)] oscillating between 20 and 320llmin�1

FIG. 1. Closed-loop non-Newtonian fluid flow rate control system. The electrometer
is based on an operational amplifier with a feedback capacitor. The flow-adjustment
algorithm is based on a radial basis function neural network (RBFNN).

FIG. 2. Flow sensor response to varying flow rates of epoxy resin. (a) Current and flow rate over time for a step flow rate waveform set by the syringe pump. In the flow control
experiment, the target waveform for the control program matches the set step waveform. (b) Gravimetrically measured flow rate (without flow control) vs syringe-pump set flow
rate. The flow rate is averaged within the middle 20 s of each step in the waveform. The eye-guiding dashed line indicates the response of the Newtonian fluid’s flow rate. Error
bars represent the standard deviation. (c) Sensor current response as a function of the gravimetrically measured flow rate, without flow control. The blue line is the best linear
fit to the data. The current is derived by averaging the current within the middle 20 s of each step in the waveform in (a). Horizontal and vertical error bars represent the stan-
dard deviations in the measurements for the gravimetrically measured flow rate and the sensor current, respectively.
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at a frequency of 1Hz, and an irregular waveform [Fig. 3(c)] ranging
from 140 to 448ll min�1. The control system’s working bandwidth is
1.014Hz, limited by the data acquisition (�0.5 s, averaged over 18 data
points) and the syringe pump’s response time (�0.5 s). For the step
flow, the system effectively reduces the absolute deviation of the actual
flow rate from the set flow rate, decreasing from 2%–107% without
flow control to 1%–2% with the AI-based flow control. A Fourier anal-
ysis of the results for the sinusoidal flow (supplementary material,
Fig. S2) shows that our method reduces the deviation from 31% to 2%.
For the irregular flow waveform, the deviation is improved from 34%
to 7%.

To investigate the robustness of our system to noise, we add arti-
ficial random noise with a mean of �68.66ll min�1 and a standard
deviation of 54.38ll min�1 to the sensor output signal for a sinusoidal
target waveform ranging between 20 and 320llmin�1 before it is fed
into the AI controller. As shown in Fig. 3(d), our system maintains
flow rate within a narrow range around the target flow rate despite
spikes and glitches induced by the noise.

Our findings using the AI-enabled system underscore the accu-
racy and stability of the closed-loop control of the flow rate of non-
Newtonian fluids, as well as its capacity to handle significant sensor
signal noise levels. The neural network program effectively addresses

challenges in flow control arising from two sources: the nonlinearity of
non-Newtonian fluid flow and the potential for flow-sensing accuracy
to be affected by noise. Figure 3(e) shows the permutation feature
importance (see the supplementary material—Methods section for
details),27,28 a technique that evaluates the feature importance of each
element of the input vector ½rt; yt; rt�1; yt�1� by randomly shuffling
the feature’s values and calculating negative mean squared error.29

Overall, the feature importance values for r and y reflect the nonlinear-
ity and sensing accuracy, respectively, as discussed in the following
paragraph.

For the sinusoidal and step waveforms, despite their essential dif-
ferences, the feature importance values for the four elements are com-
parable between the two waveforms, with the importance of y higher
than that of r. This indicates that for simple waveforms, our cuff-like
flow sensor’s accuracy is the leading factor in inducing deviations
between the controlled flow rate and the target flow rate. The results
for the irregular waveform show that the importance of the coulomet-
rically measured flow rate at time t � 1 (yt�1) is considerably lower
than those of the other three components, reflecting that due to the
randomness in the waveform, previous measurement results are less
significant. For the sinusoidal waveform with artificial noise, the fea-
ture importances of yt and yt�1 are less significant compared to those

FIG. 3. Flow control based on a radial basis function neural network (RBFNN). (a) RBFNN algorithm diagram. (b) Coulometrically measured flow rate controlled by the closed-
loop control system with a sinusoidal target flow waveform, in comparison to the uncontrolled, gravimetrically measured flow rate with the syringe pump set to match the target
flow waveform. (c) Comparison for a random target flow waveform. (d) Coulometrically measured flow rate controlled by the closed-loop control system with a sinusoidal target
flow waveform at the presence of artificial digital noise. Data in (b)–(d) use the same color code defined in (b). (e) Feature importance histograms. The error bars represent the
standard deviations from 500 independent interrogations for each feature.
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of rt and rt�1, indicating that the superposition of noise to the mea-
sured signals reduces the importance of the signal precision.

Our work offers significant promise for applications in additive
manufacturing, such as 3D printing,30,31 and in medicine, such as
microfluidic biological models.25,32 The flow-measurement strategy
can be easily integrated into various existing flow-delivering systems.
In particular, the contactless method adapts well to dispensing nozzles
with different configurations, requiring only a simple process to obtain
corresponding calibration curves [such as that shown in Fig. 2(c)].
Additionally, our method quantifies flow velocity without disturbing
the flow. These capabilities of our method are difficult for others to
match.

See the supplementary material for additional information on the
methods, a figure for real-time charge measurement, and a figure for a
Fourier analysis of the results for the sinusoidal flow.
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