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Model-Free Control for Drop-on-Demand Droplet Generation
Using Reinforcement Learning
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Abstract— Recently we have developed a Drop-on-Demand
droplet generator which allows to generate coarse suspension
droplets in a wide range of sizes (from 0.75 to 4.40 mm).
However, there is a common problem that it is difficult for
different liquids to generate one drop of the desired size. To
solve this problem, an auto-calibration and dynamic control
box is being developed. In the present work, we simulate the
dynamics of a hydraulic part of the droplet generator by an
experimentally verified model. This simulation is used as a
black box for model-free control developed by reinforcement
learning approach. The obtained results are consistent with
previous droplet generation experiments. The proposed model-
free control method can be used for automatic parameter
adjustment for generating a single drop of different liquids.

I. INTRODUCTION

In droplet-based 3D-printing and Coating, there are two
basic methods of droplet generation: Continuous Inkjet (CLJ)
and Drop-on-Demand (DoD) [1]. In this paper, we will
consider the latter. There are a lot of relevant application
examples of DoD droplet generator, such as Spheroid Bio-
printing [2], [3], Suspension Ceramic 3D-Printing [4], Sand
Molds 3D-printing [5], Metal Droplet Printing [6], etc.

In these systems, a droplet size control complexity prob-
lem becomes critical when the temperature changes, when
liquids with different viscosity, surface tension and density
are used, and when suspensions with high particle sedimen-
tation speed (vpa) are applied (thus particle concentration
¢(7) changes rapidly in a droplet during formation). This
problem is relevant due to a large number of parameters
influencing on droplet size (dyp), initial droplet velocity after
detaching (vo) and number of satellites (Fig. 1).

Recalibrations are required for nozzle clogging and the
wear of moving elements, since droplet size variation and
the formation of satellites lead to reduced printing quality.
Also, the lack of automatic size adjustment limits the printing
speed. Switching between the generation of small droplets to
obtain precise geometry and the generation of large droplets
to fill the printed layer would greatly speed up the printing
process.
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Fig. 1: Droplet formation parameters. v, is a particle sedi-
mentation speed; dy and vy are the droplet size and initial
droplet velocity after detaching respectively.

To solve the problem of adjusting the size for coarse
suspensions droplets, Vulf et al. [7] have developed the
suspension DoD droplet generator. This droplet generator
consists of the piezoelectric injector and the hydraulic ma-
chinery (Fig. 2). The latter includes a container with a
hydraulic liquid and a container with a working liquid.
Impulses to the working liquid are transmitted by pistons
with rods.
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Fig. 2: Droplet generator cut-section [7].

By the container separation, this laboratory prototype
allows to generate a coarse suspension and emulsion droplets
(max tested particle size was 0.3 mm) in a wide range of
droplet sizes (starting from 0.27 mm for pure water and from
0.75 mm for water suspensions and up to 4.40 mm), and of
generation rate (from “on demand” to 1200 drops per minute)
with a high droplet size repeatability (min-max range of the
droplet sizes was +5.0%). However, it is difficult to adjust
the parameters for generating a single drop of the desired
size for different liquids. Manual recalibration takes a lot of
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time.

To solve this problem, an auto-calibration and dynamic
control box is developing (Fig. 3). Camera images of the
generated drops are processed to determine their number and
size. Based on the divergence from the desirable size, the
microcontroller changes parameters of the voltage impulse
Umcu(T). This impulse is amplified and supplied to the
piezoelectric element Upiem(r).
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Fig. 3: Auto-calibration and dynamic control box. MCU
is microcontroller unit; Upc is voltage from DC Voltage
Source; Umcu is voltage impulse from MCU; Upiezo is
amplified piezoelectric voltage impulse.

The injector tip postion proportional to the piezoelectric
voltage (xin(T) ~ Upiezo(T)). It defines the output throttle area
between the injector tip and injector housing as the cylinder
side surface area with injector tip diameter (Dy,):

A (T) = TDpxn (7T) (D

Through this output throttle area, hydraulic liquid flows
under the pressure difference.

This paper views only the hydraulic machinery part of the
controlled droplet generator (which includes the container
with hydraulic liquid, the container with working liquid and
pistons with rods). Hydraulic and working liquids are pure
water for this research. Hydraulic machinery dynamics is
quite complicated, so let us consider the model-free approach
to control the hydraulic machinery.

Nowadays, the proposed model-free control for DoD
droplet generator based on reinforcement learning has scien-
tific novelty. The most relevant works are devoted to the use
of reinforcement learning for droplet microfluidics control
(81, [9].

II. MODELS

The models below describe the piston dynamics in hy-
draulic machinery and the droplet detaching condition when
droplet detaches from the liquid jet.

A. State Dynamics Function

The calculation scheme of the hydraulic machinery system
is introduced in Fig. 4. The system state parameters are the
throttle position (x4 [um]), piston position (xp [um]) and
piston velocity (v, [um/s]):

Xth
x= [xp 2)

Vp

The injector tip position setting (xi' [um]) is considered

as the action to the hydraulic machinery, since the injector
tip position (xy,) cannot be changed immediately:

u :xta}ft 3)

The injector tip position is a non-negative value with
upper-bound xp** = 20.0 [um]. To model the injector tip
position dynamics, constant injector tip velocity is introduced
(vinax = 10* [um/s]). This velocity corresponds to the opening
time of 2 ms (that is more than 1.5 ms, obtained in [10]).
Jet length xje; will be described in secion II-B. Micrometers
are used to increase computational efficiency. Other values

are in SI.

S
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Fig. 4: Hydraulic machinery system calculation scheme.
D, and p, denote diameter and pressure respectively; used
indexes are: ”th” — throttle (refers to equation (1)), "hydr” —
hydraulic, "work” — working; leit, Dexit are orifice length
and diameter respectively; xjr is the current jet length
(observation).
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The piston moves by the action of the gravity (mpg),
hydraulic (Fpyq-) and friction (Fy) forces. Piston mass mp, =
0.2-10~! kg (from the droplet generator prototype [7]). Let
us consider hydraulic and working containers with liquid
column heights 1072 [m]. Then the hydrostatic pressure can
be neglected. Movement starts when the acting force is larger
than the friction force. The state dynamics function is thus
as follows:

Xth max
% = -x:p ) xp =Vp, Xn = Clip)OCth (xth)a
Yp
‘ {sign(xﬁft — ) VI A gy | > gt
Xth = .
0, otherwise

T @)

g+ mip (Fhydr (xp, vps &) + Fir (Vp, Faydr) ) s
if |vp| > 0 or |Fiyar +mpg| > |F| >
0, otherwise

Vp:

where €i' = 0.1 is some tip position threshold when the tip

position is in satisfactory neighborhood of the setting (xi").
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Let us consider the hydraulic and friction forces separately.
1) Hydraulic force: The hydraulic force is the result of a

pressure difference acting on the piston:
Fhydr(Xps Vps Xth) = AnydrPhydr (Xp, Vp, Xth) —
- Aworkpwork (xpa Vp) )

o)

where Apydr, Awork are cross-sectional areas of the hydraulic
and working containers respectively, determined by container
diameters (Dhydr, Dwork):

2
7Dgy 4

4 ’

In equation (5), pnyar stands for pressure in hydraulic
container:

nD?
Agork = Xork (6)

Ahydr =

_ vp|vp| Cin Phyerﬁydr
PL™ nax(eorn)? 2D
if Xth > 0

Dhydr |xth >oT

xv’x
th>0 1
+ ( *p 1) Bvigar”

otherwise

(D

Phydr(Xp; Vps Xth) =

where p; = 0.25-10° [Pa] is absolute hydraulic liquid pres-
sure before throttling (used in experiments [7]); {y = 5.0 is
local hydraulic resistance coefficient (taken as for a valve and
can be determined experimentally); Ppydr = 103 [kg/m3] (for
water) is hydraulic liquid density; ﬁvhy o= f%‘;—‘; = const =
0.49-107° [Pa~!] (for water) is coefficient of hydraulic
liquid compressibility; phydr’xm>o’ xp’Xm>0 are last hydraulic
pressure and piston position when the throttle was opened;
term vy |vp | allows to consider the sign of the flow through the
throttle; Dyygr =0.2-107! [m]; Dy =0.2-1073 [m]; ¢ = 0.5
is some backlash of the injector tip position. If throttle is
opened, tip position is not less than cg,. This trick allows to
prevent dividing on a small value, when xy, is closed to zero.

Equation (7) was derived based on the Darcy—Weisbach
equation and equation (1) for the open throttle (xy > 0) and
on the isothermal compressibility of the hydraulic liquid for
the closed throttle (xy, = 0).

In equation (5), pwork 1S the pressure in the working
container:

CexitpworkDi,mk
2D% . -1012 7

exit

40,
ﬂ7 pcompr(xp)> , (8

exit

pwork(xpvvp) = Patm +pcap(xp) + Vp|Vp|

Peap(Xp) = sign(xp — xpo) - min (
1

IB Vwork 7

where pym = 0.1- 100 [Pa] is atmosphere pressure; Xpo =
10° [um] is initial pistion position; peap is capillary pres-
sure in assumption that liquid-air surface is flat (curvature
equals to zero) when xp, = x,0 (thus peyp = 0), and cap-
illary pressure modular increases by liquid compressibility

Xp — Xp0
p

Pcompr (xp) =

(Pcompr(xp)) until it reaches value ( 48‘:—;’:‘ when jet extracts
from the orifice (experimentally validated in [11]); Pwork =

10% [kg/m?], Gyork = 0.73-10~! [N/m] (for water) are work-
ing liquid density and surface tension respectively; Py, , =
0.49-107° [Pa~!] (for water) is coefficient of working
liquid compressibility; Coxir = é, Cp =0.827 —0.0085%
is discharge coefficient [12, P. 8-9]; loyiy = 0.85- 1072 [m],
Dexit = 0.33-1073 [m] are text container orifice length and
diameter respectively; Dyo = 0.2- 107! [m]; coefficient 10
appears since vp is in um/s. All sizes are taken from the
droplet generator prototype [7].

2) Friction force: Friction force is estimated by the
mechanical efficiency approach. When the piston does not
move, it must overcome the Coulomb friction force (F)
to start moving. When piston moves, friction force is the
maximum between Coulomb friction force and hydraulic
force losses determined by the mechanical efficiency 1 =
0.7:

—sign(vp) -max(Fc, (1 —1)Fuyar),
if [vp| >0

—sign(Fpydr +mpg) - Fe,
otherwise

Ffr(vpa thdr) = &)

where Fc = pc max(Anydr,Awork), PC = 10*[Pa] is pressure
difference, which is necessary to overcome the dry friction.

B. Droplet Detaching Condition

According to linear stability analysis and experiments
conducted by Grant and Middleman [13], there is a critical
(breakup) jet length (xjeq = lcrie [mm|, Fig. 4), after which
the drop separates. This critical jet length may be defined by
Reynolds number (Re) and Weber number (We):

l .
crit _ 195 . 103 WeO.S(l +30h)0.85’

exit
We — pwor:ijDexit’ _ V We’ (10)
10 Owork Re
Re — pworijDexit
103:uwork ’

where Uyork = 1072 [Pa-s] (for water) is the dynamic
viscosity of the working liquid; vj = 0.2-10° [mm/s] is jet
velocity (empirically estimated in [7]); coefficients 10 and
103 appear since jet velocity is in mm/s. Other values are in
SI.

Research of pneumatic DoD generator, conducted by
Cheng and Changra [11], showed that jet critical length
estimation (10) may be used also as the single droplet
detaching criterion: droplet detaches from jet if Xjer > lerit.
However, Cheng and Changra [11] noticed that the longer the
jet length, the more satellites are formed. Thus, our control
goal is as follows:

Xiet N\ Lerie (11)

This means that the jet length should be above the critical
jet length, but converge to it.
The size of the detached droplet Dg [mm] can be estimated
by [11]: D
—L —10°(1.57v2+30h)'/3

exit

12)

2529



Thus, for the sizes of the droplet generator prototype
described previously, /i = 1.92 [mm] and Dg = 0.622 [mm)].
Droplet diameter is in the range obtained experimentally in
the droplet generator prototype research [7].

C. Observations

Let us assume, that camera in Fig. 3 allows to retrieve
current jet length (xj [mm]) and calculate jet velocity
(Vjer [mm/ms]) as system observations with noise:

Xjet 2 2

y= [vj-et]’ & ~ N (0,07), g ~ N (0,07),

Je

3 D . 6 D .

N — work ~ — work

Xjet = 10 D2 (XP )Cp()) Viet = 10 TV[” (13)
exit exit

lCl'lt

AT V7

where &, €, are random noise values sampled from normal
distributions with standard deviations o, = 0.05, o, = 0.01
respectively; fjer, Djer are real jet length and jet velocity
without noise, 1073 and 107° here are used to convert [um]
to [mm] and [um/s] to [mm/ms] respectively. We convert
them for computational efficiency. AT is a control time step
duration, which is described in section IV.

The models from this section are used only for the en-
vironment simulation. The reinforcement learning algorithm
have no access to the system state. Only observations are
used for the learning procedure as control input.

~ 3
Xiet = Xjet + Leric€r, Viet = V]et +10™

III. REINFORCEMENT LEARNING PROCEDURE

Let us proceed to the Model-free control approach im-
plemented in this paper. REINFORCE Algorithm with base-
line [14] was used to train weights 0 of the stochastic control
policy model p?(u | y).

A. Policy Model
The policy model treats as a normal probability distribu-
tion, so actions are sampled from this distribution:

uNpe(u |y) :pdf(/‘/(l”o(y>+ﬁ31262)(u)7 (14)

where pdf y(,, refers to the normal probability density

,92)
. : . . Umin+Umax
function with mean e; and (co)variance ey; = B

A= M; Unin, Umax are the minimum and maximum
action respectively. In our simulations we put ¢ = 0.01.

Let us choose Upin, Umax in such a way, that:

Unin < (x7" =0),

15
Umax > (X?hlax 20.0 [pm]) {as)

This approach allows to consider negative actions as a total
closure of the throttle and actions larger than xj™ as full
throttle opening. It is important, since the policy model must
learn to close the throttle after reaching the critical jet length.
In this paper the following limits are used: Uy, = —20 [um];
Umax = 30 [um]. System limits action to possible injector tip
position range [0, 20.0] um (see £y in equation (4)).

In equation (14), pg(e) is a perceptron with weights 6:

Ue(y) : y — Linear(2, 2) — LeakyReLU(0.2) —
— Linear(2, 2) — LeakyReLU(0.2) —

[ )
s Linear(2, 1) — (1 —30)tanh <Z)

(16)

where hyperparameter L is merely a tuning parameter and
does not posess a physical meaning. In our simulations we
put L =10.

The last activation layer in the equation (16) limits the
perceptron output: Ug(y) € [-1+4 30, 1—30]. Since the
operation (A - [e] 4 f3) transforms [—1, 1] to [Unin, Umax], the
policy model p?(u | y) samples actions that are within action
bounds [Unin, Umax] With propability greater than 99.7% by
3o-rule. If actions are sampled out of this bounds, we clip
them to [Umin, Umax]-

B. Running Cost Function

This policy model p®(u | y) is trained to achieve the
control goal (11) while optimizing some running cost ¢(y, u):

el = (1)

. ) 17
xrcl xjet rel _ Viet an
jet 7y jet 7y
crit crit
where xJ“"l is a relative jet length (we want to obtain erel =1.0)
and v/ [I/ms] is a relative jet velocity. Thus, the running

et
cost (Jl 7) penalizes the policy p®(u | y) for the relative differ-
ence between current jet length (xjet) and critical (breakup)
jet length (Ii¢) which is necessary to achieve. We do not
penalize the model for the relative jet velocity vrel and the
action u.

C. REINFORCE step
The general formula of the REINFORCE gradient step is
as follows:

T
9,'+1 — Gi*(XE Z

—B,)Volnp®(U; | Y;) , (18)

|6:9i
where C; = Z[, Yhe (Y,/ U, ) are the costs-to-go; B; is the
baseline — a random variable independent on (Y;,U;); v is
a discount factor;  is a learning rate; ¢ is a control time
step; i is an iteration step index. In our simulations, we put
Y=1, oo =0.05. In the equation (18), we use capital letters
(Ci,B;,U,,Y;) to emphasize that these variables are random.

Full REINFORCE Algorithm with baseline is listed below
(see Algorithm 1).

where I is the number of iterations; M is the number of
episodes; T is the number of steps inside an episode. In our
simulations we put T = 10, M =5, I = 200. Baselines are
computed as previous means of tail objectives.

IV. SIMULATION AND DISCUSSION

We programmed the REINFORCE with baseline (Algo-
rithm 1) using the Python programming language (3.9.6).
One control time step (¢, see equation (18)) is a time step
with duration At = 1073 s. The 1 kHz control update rate is
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Algorithm 1: REINFORCE with baseline

Initialize baseline for the Ist iteration: b' < 0;
for i=1,2,....1 do
// i is iteration index
for j=1,2,....M do
// j 1is episode index
forr=1,2,....T do

// t is time step index

obtain observation y‘ti from system;
sample action u/ from p® (u,’ I/ );

end
end

For all t =1,2,...T compute baselines
for the next iteration:

o 1 M T o
bt e g XXy e (o)

j=1t=t

Let us denote costs-to-go as:

T

C,J — Z }/tc (ytl,,ut],) ;
t'=t

Perform a gradient step:

Oi1 < 6i—

o M T . . 0 . .
— oY Y (=5 Velnp® (] | 3))] oy
j=11=1

end

achieved using a line scan camera and a high-speed computer
vision algorithm to get jet observations [15], [16]. The
piezoelectric injector can also act at an operating frequency
of 1 kHz [10], [17].

Thus, at 7 = 10 the entire duration of the episode is
Tepisode = 10 ms. During one control step with period A7, the
constant action (x') sampled from the policy model (14)
is applied to the hydraulic system. The hydraulic system
dynamics (4) are modeled during this one control time step
AT by the adaptive Runge-Kutta method "RK45”. The initial

conditions (with 7y = 0) are:

X0 =0, xp0 =10 [um], vy =0 (19)

The initial pressures in the containers are: phydro = Pworko =
Patm- The equality (pworko = pam) is achieved by equa-
tion (8). To obtain the equality (phyaro = pam) for the
hydraulic container, we set as initial conditions (only for
=0 phydr|x,h>0¢r=o = Pam and xP’xm>o,r=o = Xpo-

The simulation is carried out on a workstation that has
6 cores with 3.6 GHz CPU, 32 Gb RAM. The quality of
the policy model at each iteration is evaluated with the help
of the total cost (average by episodes), evaluated by real jet

length £je(r) at the moment 7 (without noise):

1 M T
Ciotal = " Z Z e (Ru(r))

j=li=1

(20)

A learning process for five seeds is introduced in Fig. 5.
This plot shows the change in the total cost from iteration to
iteration (Our controller). P-controller with P = Uy, is used
as a Benchmark.

4.5-
4.0-

Benchmark

—— Our controller

0
ot
|

Total cost
w
(s}
|

_|||||||||||||||||||||
0 50 100 150 200

Iteration number (7)

Fig. 5: Learning curve: total cost (20) by iteration (average
by five seeds). Regions around the charts correspond to the
standard deviations £0 obtained on simulated seeds.

At the beginning of the learning process, the policy model
samples positive actions according to the initial random
weights (6°). Then the total cost begins to decrease, since
the policy model samples greater actions at the beginning
and smaller actions at the end of the episode. The former
allows to reach the critical jet length [ as fast as possible,
and the latter reduces the rate of jet length growth (or jet
velocity vjer) after reaching the critical jet length. Thus, the
relative jet length (xjg) is getting closer to one from iteration
to iteration.

Finally, the total cost (averaged by seeds) reduces during
first 125 iterations and becomes the lowest due to setting the
maximum action at the beginning and the negative action
at the moment T =2 ms to stop the relative jet length
growth (Fig. 6). Let us remind that actions xj' > 20 um are
considered as total opened throttle (xg, = 20 pm) and actions
X' < 0 um — as total closed throttle (xg =0 pm) (see black
horizontal lines on the action plot, Fig. 6; equations (4) and
(15)).

Let us discuss the obtained result and consider actions (u =
x%) sampled from the policy model (p®(u | y)|g_gi) on the
last iteration (i = 200). In Fig. 6, these actions are introduced
with the relative observations: the relative jet velocity (vjrg)
and relative jet length (xjgtl) (see equation (17)) depending on
time (7). Due to the limited injector tip velocity vip®, the jet
stops growth only after 7 =4 ms, when the drop detaching
condition achieved (xjsl > 1.0). The jet with relative length
xjrg = 1.14 was obtained (versus 1.39 for the Benchmark).
The averaged by seeds total cost was decreased to 2.07 for
our controller, while the Benchmark average total cost is
2.46. Thus, the average total cost was reduced by more than

15%.
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Fig. 6: Simulation results at the last iteration (i = 200). The
results correspond to an arbitrary selected seed. 7 is the
time in the simulation. Upper and lower black horizontal
lines on the action plot (first plot) determine the complete
opening and complete closing of the throttle respectively.
Black horizontal lines on the plots of the relative jet velocity
and the relative jet length (last two plots) show the control
goal which is necessary to achieve.

The optimized policy model keeps the throttle fully open
for AT =2 ms and total closes it at T =2 ms (action plot,
Fig. 6).

V. CONCLUSIONS

Thus, the optimized policy learned by a model-free ap-
proach (REINFORCE with baseline) reduced the average
total cost of the Benchmark by more than 15%. This pol-
icy can be interpreted as a single pulse with AT =2 ms
duration and x§' =20 um amplitude. The droplet generation
experiments with single pulse mode were conducted in our
previous work [7]. A high speed camera (Photron Mini
UX100, Tokyo, Japan) was used to record droplet formation
process. The pulses were generated by a microcontroller unit
(Arduino UNO R3, Italy). The pulse parameters (At = 4
ms duration and xj' = 10+ 1 um amplitude) were obtained
manually by observations processing after each calibration

test. Results were collected in the parametric map. The exper-

imental impulse was simulated by the hydraulic machinery

dynamics model (4) and a jet with relative length x.ree: =1.15

was obtained — a droplet was generated. Thus, the hydraulic
machinery dynamics model was verified.

The optimized policy actions qualitatively coincides with
pulses applied experimentally to generate a single droplet
of water and quantitatively close to it. The area under the
simulated impulse is very close to the experimental impulse
area. However, the experiments [7] used predefined impulse
parameters and did not apply actions depending on the
observation in real-time mode. To automate the parameter
selection process, the auto-calibration and dynamic control
box is being developed. The suggested model-free control
method will be tested with the auto-calibration and dynamic
control box, mounted on the experimental facility [7]. The
proposed setup will automatically adjust the droplet genera-
tor parameters to produce a single drop of various liquids.
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