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Electroplated copper micro bumps have been used ubiquitously
in the 3D integration and packaging of the state-of-the-art semi-
conductor devices.'™ As the technology continues to advance, the
micro bumps continue to scale from several hundred microns to tens
of microns. This scaling in size requires tighter control of the growth
in the confined geometry in terms of not only the total amount of the
metal but also the topography and uniformity of the metal
structures.*® These requirements are to be achieved without
compromising a fast rate of growth.

Various hydrodynamic designs have been adopted to facilitate
the mass transport into small geometries, thus expediting the metal
growth rate and improving the throughput of this manufacturing
process. For example, fountain flow cells, where the electrolyte
moves vertically in the normal direction of a rotating wafer
surface,”® have been successfully implemented in damascene
copper plating. The super-conformal copper plating in the damas-
cene processes is controlled by the synergistic interactions of
organic additives and the plating is typically operated at kinetically
controlled reigime. On the other hand, Plating cells with impinging
jet flows,”™"? a reciprocating paddle, "> or a vibrational shear
plate'® are designed to provide effective agitation, thinning the
boundary layer and increasing the convective mass transport rate.
Among them, paddle cell was initially invented for magnetic alloy
thin film plating, where an external stationary magnetic field can be
applied during Elating to define the magnetic anisotropy in the
plated films.'*!”'® More importantly, the paddle also enables a
strong but well-controlled convectional mass transport of the metal
cations, mitigates the high pH at the substrate surface, and prevents
the formation and inclusion of oxides, resulting in high quality
magnetic films with uniform and well defined compositions.'® The
paddle cell design has also been adopted for copper bump plating,
where the metal growth rate in confined geometry is to be
maximized.

The mass transport on flat substrates under the reciprocating
paddle agitation has been studied both experimentally and
numerically. For example, an early experimental study of the
mass transfer using stripe-shaped electrodes shows that the
current experiences a periodic modulation depending on the
instantaneous position of the paddle relative to the electrode. A
generalized mass transfer rate constant is obtained solelg depen-
dent on the Reynolds number and Schmidt number.'**” On the

*Electrochemical Society Member.
“E-mail: qhuang@eng.ua.edu

other hand, numerical simulation of a moving paddle showed that
the a bluff body flow is created due to the generation and shedding
of the vortices.?! In this case, the Strouhal number describing the
vortex shedding frequency needs to be acquired from the
numerical simulation and be used to describe the mass transport
rate. However, all these prior studies were based on flat
substrates. The question remains how such paddle flow impacts
the mass transport when the deposition is confined in small and
recessed regions in the substrate. To the best of our knowledge,
such studies have not been reported and the question remains
unanswered. This paper reports a systematic study on this subject
using numerical simulation and data analysis.

Numerical Simulation

Physics model.—In this study, 2-dimensional models are used
to describe and simulate the paddle cell. While the patterns in 2D
models represent trenches and 3D models are required to simulate
the via structures in reality, the 3D models would exponentially
increase the degree of freedom in computation, rendering the
computation time much longer and the convergence almost
impossible to reach. Figures la to lc show the diagram of the
paddle cell. The detailed geometry and typical dimensions are
presented in Fig. S-1 in Supplementary Information. It consists of
the anode and cathode facing each other and a rectangular paddle
placed at a fixed distance from the cathode surface. The anode,
patterned cathode, and paddle are all aligned with the center of the
cell. The anode is a flat metal surface and the cathode consists of 40
trenches grouped into 8 identical sets and each set consists of 5
patterns with a same width and five different depth. As discussed
later, this variety of depth in a single model increases the number
of cases for analysis without significantly compromising the result
accuracy. The pitch (center-center distance) between two adjacent
trenches is fixed as 3 times the feature width, which is typical for
microbump patterns.

The model consists of momentum and mass transfer. The latter
includes both diffusive and convective transfer. The electromigra-
tion contribution for the mass transfer is ignored in this study as a
highly conductive electrolyte is typically used in micro-bump
electroplating. The electrolyte is Newtonian and incompressible
with uniform viscosity. The gravitational force is ignored. In
addition, the local changes in electrolyte density and ionic
diffusivity resulted from local concentration variation are expected
to be small**~>° and are ignored. The governing equations in the
electrolyte include
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electrolyte

(b)

patterned cathode

Figure 1. Schematic diagrams of the (a) overall paddle cell model; (b) magnified area between paddle and patterned cathode with 40 trenches; (c) one of the
eight groups of five trenche with a typical concentration profile upon paddle agitation; (d) the meshing of the entire paddle cell; and (e) refined meshing in the

area of patterned cathode.

Continuity:
pVu=0 [1]
Momentum conservation:

M Vu=—1Vp bV [2]
ot P

Mass conservation:

% +V-(-D;VCi+ CGu)=0 [3]

where ¢, p, u, p, v, D;, C; represent time, electrolyte density,
velocity, pressure, kinematic viscosity, and the diffusion coefficient
and concentration of the species of interest, i.e., Cu®* in this study.
Typical boundary conditions for fluidic dynamics are applied for
most boundaries except for the paddle. The reciprocating movement
of paddle is achieved using a moving mesh method. The mesh in the
regions @ in Fig. 1d deforms laterally according to the position of
paddle. The position of paddle follows a Sinusoidal function when a
rotary motor is used to drive the paddle,'’

x(1) = % -sinQaf - 1) [4]

where s, f, t are the stroke length of paddle, frequency of paddle,
and time, respectively. While a linear motor can also be used to drive
a paddle cell, the sinusoidal function is used here as it naturally
avoids singularity and facilitates model convergence. On the other
hand, because the total length of the patterned cathode accounts for a
small portion of the stroke, the velocity at which the paddle sweeps
on top of the cathode pattern can be approximated as a constant, i.e.,
the maximum speed at the central position

u(t) = af - s - cos 2af - 1) 5]

Unax = 7T - S - f [6]

The paddle is stationary before the start of simulation, or ¢ < 0, and
the velocity at ¢t = 0 is supposed to be u,,,, a non-zero finite value,
resulting in a step function and complicating the numerical compu-
tation. This step function is smoothed out across the first 1/4 paddle
cycle to improve the computation.

Most of boundary in the mass transfer physics are set as no flux
condition. The concentration at the anode surface is fixed as the bulk
concentration. In this study, the concentration at cathode surface,
namely at the bottom of the trench patterns, is set as 0. No
electrochemistry such as Butler-Volmer or Tafel conditions are

used. The initial concentration in the electrolyte is set as bulk
concentration. However, a much lower initial concentration inside
the pattens is found to facilitate computation by avoiding a big flux
at t = 0. The limiting current density is calculated from the flux at
the cathode surface using Faraday’s law

irim =1+ F - Neyo+ [7]

where n is the number of electrons transferred per copper ion, F is
the Faraday’s constant, and Ng,2+ stands for the flux of copper ions
obtained from the simulation. As shown in Figs. 1d and le, the
meshing is performed separately for 4 regions. Other than the
mapped mesh in the deforming regions @, triangular meshes are used
for all the other regions. The region around cathode, i.e. region ®,
requires finer mesh and the mesh inside the trench patterns, or region
@, is even finer. The boundary layer mesh at the bottom of pattern
needs to be thin enough to allow the establishment of the
concentration gradient at the beginning of the computation. As
mentioned above, the fluidic properties of the electrolyte, such as the
density and viscosity, are approximated as constants independent
from the concentration. The fluid mechanics and the mass transfer
physics can be solved separately, where the velocity profile from the
former is solved first and used as the input for the latter. Compared
with solving the two physics simultaneously, this sequential
approach improves the convergence and speeds up the computation.

Electrolyte properties.—Highly concentrate CuSO, electrolytes
are typically used in microbump fabrication to enable a fast plating
rate. A high concentration of H,SOy, is also preferred to enhance the
conductivity of electrolyte and enable high plating current. However,
the solubility of CuSO, is limited in the presence of a high
concentration of H,SO,4. A moderately higher temperature can be
used in manufacturing not only to enable a higher metal concentra-
tion and a high conductivity but also to enhance the mass transfer
and deposition kinetics. The physical properties of two tygical
solutions are listed in Table I. The diffusion coefficients of Cu*" in
the example electrolytes are determined using limiting current
measurements on a rotating disc electrode at different rotation rates.
A wide range covering these measured values are used to randomize
the parameters for the simulation.

Computation flow.—All numerical simulations in this study are
performed using COMSOL Multiphysics software. A flow chart is
provided in Fig. S-2 in Supplementary Information detailing the
procedure of COMSOL simulation. In brief, the simulation of the
non-steady state physics is carried out for a physical time of 10s
with a data acquisition time step of 0.01s. The entire COMSOL
physics model is parameterized, including the cell geometry, pattern
geometry, paddle movement, and electrolyte properties. An external
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Figure 2. (a) The time transient of the overall limiting current densities for patterned features with different depth, and (b) the limiting current densities averaged

across the 2 s time frame preceeding the time snap.

Table 1. Density, viscosity, and copper ion diffusivity in typical
electrolytes and the range of values used in the simulation.

Electrolyte#1 Electrolyte#2 Range used

CuSo4(mol/m?) 630 787 [500, 1000]
H,SO0,(M) 1.4 0.25
Temperature (C) 40 25
Density (kg/m?) 1169 1133 [800, 1600]
Dynamic viscosity 120x 107 149 x 1073

(Pais-s)
Kinematic viscosity 1.02x107% 132x107° [0.8,1.6] x 10°°

(m?/s)

Cu>" Diffusion 7.80 x 1071 8.17 x 1071 [2,20] x 107 '°

coefficients (m2/s)

Matlab program randomizes these parameters, uses each set of
parameters to call the model through a Matlab-COMSOL interface,
and exports the limiting current density for each cathode pattern. In
certain studies, where the impact of a specific parameter is studied,
the parameters are manually set in the external Matlab code. A
windows server with Intel Xeon Gold 5220R CPU and 96 MB error
correction RAM is used for the simulation. Depending on the trench
dimensions and paddle movement in each case, it takes between an
hour to a few days to complete the 10 s simulation.

Results and Discussion

COMSOL simulation.—The typical evolution of the velocity and
concentration profiles in the cell are shown in the GIF animations in
Supplementary Information. The animation titled as “Animation
velocity” shows the overall transient velocity profile across the entire
cell, “Animation velocity zoomed” shows the velocity profile at one of
the eight sets of trenches, and “Animation concentration” shows the
concentration profile at the same set of the trenches with more details
explained in Fig. 1c. The concentration varies only in the vicinity of the
cathode and stays as the bulk concentration across the other regions of
the cell. Figure 2a shows the non-steady state transient of the limiting
current density. It is extremely high at # = 0 and decays rapidly as the
concentration gradient is being established. The current can reach a
minimal value after one or two seconds because the concentration
gradient develops quickly and the fluid flow pattern is yet to be

established across the cell. The limiting current density continues to
fluctuate as the paddle sweeps back and forth on the cathode. For this
particular case in Fig. 2, the paddle moves at a frequency of 1.68 Hz,
or 101 strokes per minute. The width of the five cathode patterns is
187 pm, and the depth are 293, 244, 195, 147 and 98 pm respectively.
As expected, the current fluctuation is much more pronounced for
shallower patterns. While the current fluctuation is not identical for
every stroke, approximately 10 spikes are observed across 3s,
corresponding to the fact that paddle sweeps across the cathode twice
per stroke, thus 3.36 sweeps per second. Figure 2b shows the limiting
current density averaged across a period of 2s. This time average
stabilizes after a few strokes. The average limiting current densities
between r = 5 to 10 s are reported in all following studies.

Simulations are first carried out to determine the current distribution
and the effect of using a mixture of different trench depths in a single
model. Figure S-3 in Supplementary Information compares the limiting
current density simulated using two different approaches. The first one
uses models with 8 sets of trenches and 5 trenches with different depths
in each set (as explained in Fig. 1). The second approach uses 40
identical trenches and is repeated 5 times to simulate 5 different trench
depth. First, slightly higher current densities are observed in the features
at the end of patterns. This is commonly obseved in manufacturing due
to the spherical diffusion at pattern corners.”® Dummy features are often
included in pattern design to avoid big difference between patterned and
blanket areas. The shallower features in the first approach, i.e., when
they are combined with deeper features, have a higher limiting current
density. This is believed due to a less depleted concentration at the
deeper neighbours enabling extra supply of the species for the shallower
neighbours. On the other hand, the deeper features have lower limiting
current density when they are next to shallower features. Nevertheless,
the difference between the two approaches are less than 10% for all
features. As the use of mixed trenches in a single model accelerates the
simulation and increases the available data by 5 times, the first approach
is used across this study.

The reproducibility of numerical simulation is also verified using
25 different trenches and the results are presented in Fig. S-4 in
Supplementary Information. It is evident that the simulation is very
reproducible with the variation below 1% for most of cases and
below 4% for all cases.

While the numerical simulations in Figs. S-3 and S-4 use preset
parameters, a large amount of simulation using randomized parameters
are performed to derive an correlational method to predict limiting
current densities from plating conditions. In detail, the plating conditions
are described using eight parameters, paddle stroke length (s), paddle
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frequency (f), Cu*™ concentration (C), diffusion coefficient or diffu-
sivity (D), electrolyte density (p), kinematic viscosity (v), trench width
(w), and trench depth (/). In total, 7000 trenches are simulated using
1400 COMSOL models. Among them, 5000 randomized trenches are
simulated first for data fitting. The additional 2000 randomized trenches
are simulated separately and are used to evaulate the prediction by the
fitted correlation.

GAM model.—The simulated limiting current densities are first
fitted using a generalized additive model (GAM). In the first attempt,
the maximum paddle velocity at central position (in Eq. 6) is used

In(igm) = ko + ky - In(u) + k¢ - In(C)
+kp - In(D) + k, - In(p)
+k,-In(@) + ky, - In(w) + ky, - In(h) [8]

where C, D, p, v, w, h represent the randomized concentration,
diffusivity, density, kinematic viscosity, trench width, and trench
depth, respectively. u = z - s - f represents the paddle velocity at
central position. The k’s are fitted constants. This is equivalent to a
power correlation

ipim = €¥0 - yku . Ckc . DFo . /)kp vk ke o pka [9]

Figure 3 shows the results of this GAM model, where &y = 9.676,
k,=0.442, kc=0997, kp=10.699, k,=0.001, k, =—0.193,
k, = 0.692, and k;, = —1.136. The mean and maximum absolute
percent error (APE) of fitted limiting current for the 5000 cases are
12.8% and 65.1%, respectively. The same model is then used to
predict the limiting current for additional 2000 randomized cases,
and the mean and maximum APE are 12.7% and 60.1%, almost
identical to the fitting. Because these two sets of data are randomized
separately, they remain truely independent and the errors are found
always similar regardless of methods of fitting.

The fitted value for k¢, 0.997 is very close to 1, consistent with
the expectation that the mass transport flux is proportional to the
cation concentration. Furthermore, k, is 0.001, close to 0, suggesting
that the effect of density becomes obsolete in the presence of
kinematic viscosity. With the two parameters of concentration and
density omitted, the fitted limiting current density follows

i oay = €576 . C . 40442 . 0699 =093 0692 j~1.136
[10]

The mass transport Sherwood number can be defined as

L ip i L
Sh = hmass L e UWim dd

— 11
D nF-C D [11]

where h,,, is the overall convectional mass transport coefficient and
L. is the characteristic length to describe the convection behavior.
Using the fitted limiting current density iy;,, the Sherwood number
can be described as

ShGAM =0.0826 - L(. . u0.442 . D—O.SOI . U—O.l‘)S . W0.692 . h—l.136
0.442 0.30
=0.0826 - L. 0.558 , (M . Ll-) . (i) : . (D)—O.OSZ . w0.692 . h—LlSﬁ

v D
[12]

The Reynolds and Schmidt numbers can be defined as Re = ““%¢
and Sc = %, respectively. Therefore,
Sh = 0.0826 - Lc 0.558 (R€)0'442 . (50)0,301 . (U)—O.OSZ . w0.692 . h—l,l36
[13]

While the additional effect of kinematic viscosity does not com-
pletely vanish, it becomes minimal, suggesting its main impact is

included in the Reynolds and Schmidt numbers. Equation 13 is
consistent with common convective mass transport processes,” >®
where the Sherwood is correlated with Reynolds and Schmidt
numbers, Sh = k - (Re)™ - (Sc)", where k, m, and n are constants
and n is typically between 0.3 to 0.4. A similar correlation,

Sh =~ 0.0826 - (Re)>**2 . (Sc¢)0301 [14]
would be obtained if the combination of L, 0338 .y0092 . p=1136 jg
dimensionless, or in other words, L, o< w='2* . 1204, However, the
latter has a dimension of [m]°8. While L, and the convectional mass
transport are dominated by the dimension of trench features, it is also
impacted by other dimensions of the system. The power of Schmidt
number, n, is 0.301 here, slightly different from 1/3, which is
commonly observed in convective transport.’ The value of 1/3 has
also been rePorted or used in previous studies on flat surface in a
paddle cell. 42021 Ag discussed later, it will be seen that the
convective transport in the confined trenches can be viewed as
multiple steps. The combination of external and internal fluidic flow,
the time averaging over the periodic paddle flow, and the spherical
diffusion at the trench opening are believed to contribute to this
sightly different 7 of 0.301.

While not included in detailed discussion here, some additional
simulation cases are also carried out using randomized dimensions
of the paddle. The results show that the mass transport rate increases
with the paddle height (). On the other hand, the paddle width (L)
and the gap distance between paddle and cathode (G) have minimal
impacts. This is different from some experimental studies on flat
surface, where the characteristic length was found to be
L. = H + G.*° From the Egs. 11 to 14, this L. suggests the mass
transport rate would decrease with the increase of paddle height and
gap distance. However, a numerical simulation study on flat surface
showed that the mass transport increases with the paddle height,”'
consistent with the observation in this study.

As the limiting current density reported in this study is an value
averaged across multiple strokes, the effects of different parameters can
be further complicated. In the second attempt, the GAM fitting approach
is also performed using the stroke length (s) and frequency ( f) separately
instead of a single value of velocity. The following correlation is
obtained with an average error of 12.4% and a maximum error of 60.0%,
similar to the fitting using the combined velocity.

9567 . C . 0229, 0464 [OTOL, 1,=0.192 1, 0687 . f=1.129
[15]

iLim_GAM =

Shoam = 0.074 - L, - 0229 . 0464 | p=0299 , ;,=0.192 , 1,,0.687 , f=1.129
[16]

The limiting current density in this GAM is simmilar to the fitting
using the combined velocity except that the power coefficients for
stroke length and frequency are different. When a combined velocity
zsf is used in the Reynolds number, the Sherwood number can be
described as

Sh = 0.0435 - (Re)*46% . (S¢)0-2%9 [17]

with the characteristic length L, o s%%* - w=128 . 1211 Tt has a dimen-
sion of [m]'?’, also suggesting additional contributions from other
dimensions in the system. In other words, separating stroke (s) and
frequency (f) does not significantly improve the GAM correlation.
Further analysis of the GAM model is carried out to account for
the time averaging effect. As Fig. 2a shows, the typical time
evolution of the limiting current density includes spikes of current
due to the sweep of paddle followed by current decay as the paddle
moves away and the fluid flow in the trench quickly slows down.
Assuming the mass transport flux due to a convective flow can be
well described using a correlation Sh = k - (Re)™ - (Sc)" and the
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Figure 3. The relationship between numerically simulated and fitted limiting current using the GAM: (a) 5000 cases for fitting and (b) 2000 cases for testing.

velocity decays exponentially following u =z -s-f - exp (—f)
with a time constant 7z, the averaged Sherwood number can be
obtained by integrating the transport rate betwee two sweeps,
1

namely across a time frame ¢ € [0, o

]. In this case,

1

. /ﬁ (msf)™ - exp(—m—'z) - dt
0 T
m
2.f- 1)] [18]

Sho—-
27-

:sm.fm+1 l [1 _exp(_
m

For the two extreme cases,

if " 1, then, Sh o 7 - s™ -l [19]
2-f-7
. m <
if < 1, then, Sh o s™ - f™ [20]
2-f-7

In reality, m and f are both on the order of 1. The decay time
constant 7 is dependent on the fluidic property and trench geometry.
The animations of fluidic velocity profile are included in the
Supplementary Information and two additioanl snapshots are pre-
sented in Fig. 4. The fluidic velocity in bulk solution estimated from
the vortex velocity in Fig. 4b decreases from 0.65 m s™' to
0.32 m s~ (50% decrease) across 0.24 s, suggesting a time constant
of about 0.34 s, which is also on the order of 1. On the other hand,
the eddy flow in the trenches in Fig. 4a decreases from 8 to 3 mm s~
within 0.12 s, corresponding to a time constant of 0.13 s, also on the
order of 1. Therefore, for most cases, the integrated average
Sherwood number is expected to be in between the two extreme
cases in Eqgs. 19 and 20. For these intermediate situations,

ﬁocfk~s"’-f’,0<k<1,m<r<m+1 [21]

This is consistent with the GAM fitting in Eq. 16, where the
Sh o §9-229 . f0464 " A far as the time constant of the velocity decay
is concerned, it depends on how rapidly the kinetic energy of fluidic
flow dissipates. It is inversely correlated with the kinematic
viscosity, resulting in an additional small contribution from the
kinematic viscosity in Egs. 12 and 16.

Neural network.—A neural network is used to further evaluate
the impacts of each parameters in the mass transport rate. The fitnet
function in Matlab neural network fitting package is used with the
number of neurons in each layer specifically defined. The overall
workflow is shown in Fig. 5. The inputs are still the same, stroke
length (s), frequency (f), diffusivity (D), density (p), kinematic
viscosity (v), trench width (w), and trench depth (%), and the target is

the limiting current density normalized with concentration (iz;,,/C).
The first batch of 5000 COMSOL simulated cases are always used to
fit the neural network (NN) and the second batch of 2000 cases are
always used for NN prediction and evaluation. Among the first
5000 cases, 80% are used for training, 10% for validation, and
another 10% for testing. This randomized 80-10-10 partition is done
automatically in the fitnet function in Matlab. While the fitnet
function provides an error during the testing step using 10% of data,
the second batch of 2000 cases will be used for final evaluation and
testing. To do this, the NN saved after the fitting step is used to
predict the limiting current densities using the seven input para-
meters of the 2000 cases. The predicted current densities are
compared with the the simulated current densities from COMSOL.
The mean absolute percent error (MAPE) is saved as a measurement
of the effictiveness of the fitted NN.

First, networks with three hidden layers are used and the number
of neurons in the first, second, third layers are randomized between
[1, 20], [1, 50], and [1, 20], respectively. To do this, a subroutine is
coded to perform the NN fitting, NN prediction, and MAPE
computation. A main program randomizes the sizes of three layers,
calls the subroutine, and saves the MAPE with each layer config-
uration. Figure 6 shows the MAPE for neural networks with
different numbers of neuron in the three layers. The overall
prediction is much better than the GAM, with the MAPE down to
between 2.9 and 3.0%. Figure 6d shows the relationship between the
limitting current density predicted by the NN and the ones by
COMSOL simulation for the 2000 testing cases. For this particular
example, the three hidden layers in the network have 7, 16, and 3
neurons, respectively, resulting in a MAPE of 3.0% and a maximum
APE of 16.2%.

It is evident from Fig. 6a that the first layer is the most critical
layer. A first layer with three neurons or less results in much poorer
prediction and a 3% MAPE is never achieved regardless of the
number of neurons in subsequent layers. Furthermore, the quality of
network prediction has a wide variation with MAPE up to 16% for
most networks when the number of neurons in the first layer is less
than 10. On the contrary, MAPE is almost always less than 4% when
more than 10 neurons are used.

Figure 6b shows that the number of neurons in the second layer is
moderately important, where at least 5 neurons are required to yield
a MAPE below 3%. But the penalty for fewer neurons is less
significant compared with the first hidden layer. The number of
neurons in the third layer appears to be much less important and, as
presented in Fig. 5c, a best MAPE of 2.9% can always be achieved
regardless of the number of neuron in third layer.

Based on the understanding of neural network performance, a
second type of network fitting is conducted to determine which
parameter or parameters cannot be effectively described by the
GAM model. From Fig. 3, it is known that the MAPE for GAM
model is 12%, much higher than the 3% MAPE from NN. This study
answers the question which parameters are needed in addition to the
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Figure 5. Overall workflow of neural network fiting and and evaluation. The
Fitting step consists the training, validation, and testing of the network.

GAM model in order to improve the fitting and decrease the MAPE
from 12% to 3%. The target of NN is still the normalized limiting
current density (iz;,,/C). The inputs include the limiting current
density predicted by GAM model in Eq. 15 and a subset of the 7
parameters. The external Matlab code randomizes the size of three
neuron layers between [1, 10], [1, 25], and [1, 10], respectively,
creates a random subset of the 7 parameters, calls the neural network
subroutine for fitting and evaluation, and saves the MAPE with the
specific subset of parameter.

Figure 7 shows the MAPE when only 4 or 3 of the 7 parameters
are used. In other words, 3 of the 7 parameters are excluded in
Figs. 7a and 4 parameters are excluded in 7b. The networks cannot
achieve the same accuracy of prediction (2.9%) when 5 parameters
are excluded. The total possible combination for 3 or 4 out of 7
parameters are C; = C] = 35. 4000 networks with randomized
neurons in the three layers are used in each study, i.e., 114 cases
per combination. The vertical grid lines in Fig. 7 approximately
correspond to each combination. It is evident in Fig. 7b that the only
case (green) that can achieve 2.9% MAPE is when D, w, h are all
included or when only s, £, p, and v are excluded. The best four cases
(green) with the same 2.9% MAPE in Fig. 7a are when only a subset
of the four elements s, f, p, and v are excluded from the inputs. On

the other hand, Fig. 7a also shows the worst prediction (red cases)
results from the exclusion of any three of the four parameters, f, D,
w, and h.

Based on these observation, the impacts of stroke length s,
density p, and kinematic viscosity v appear to be sufficiently
described by the GAM model. These parameters become redundant
in the presence of the GAM prediction in Eq. 15. On the other hand,
the diffusivity D, trench width w, and trench depth & are essential
parameters in addition to the GAM prediction. They have to be
present in the input in order to improve the prediction by NN. The
paddle frequency, f, appears to be in between. While the exclusion of
frequency in addition to the redundant parameters does not com-
promise the accuracy of network prediction, the exclusion of it
together with the essential parameters makes the predcition worse.
This is shown as the crimson case in Fig. 7b. When a combination of
redudant and essential parameters are excluded from the input, the
predcition performance of the NN is intermediate between the best
green cases and worst red cases.

Network fitting is also carried out to explore in what form the
parameters are present in the correlation. A first quick comparison is
carried out to determine the effectiveness of using the parameters
directly or using them in the logarithmic form. In this study, all
neural networks consist of only 1 layer. The same procedure is
carried out, using the first batch of 5000 cases to fit the NN and the
second batch of 2000 cases to evaluate the NN and determine the
MAPE. Figure 8 shows the best MAPE as a function of the number
of neurons in the single layer. It is evident that the logarithmic inputs
are much more efficient in predicting the mass transport behavior,
resulting in a much lower MAPE regardless of how many neurons
are used. It is also worth noting that the neural network with one
single neuron and logrithmic inputs is similar to the GAM model
fitting, where the output is a linear combination of the 7 logrithmic
inputs as shown in Eq. 15. This is indeed confirmed by the similar
MAPE (around 12%) between GAM fitting and the single neuron
network in Fig. 8.

A further comparison is performed using NN with 3 layers and up
to 4 neurons in each layer. While more neurons are beneficial for a
better prediction and a lower MAPE, simple networks with less
neurons are used in this study to highlight the impacts of different
input formats. In this set of studies, five inputs are used including the
current density predicted by GAM model (i ;,_can) in Eq. 15 and the
frequency (f), diffusivity (D), trench width (w), and trench depth (%).
As discussed in Fig. 7, these four additional parameters are sufficient
to improve the GAM prediction achieving a best MAPE of 2.9%. The
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Figure 6. The relationship (a)—(c) between mean absolute percent error and the number of neurons in different hidden layers in the neural network; and (d)
between the limiting current density from COMSOL simulation and predicted using a neural network with 7, 16, and 3 neurons in the 1st, 2nd, and 3rd hidden

layers, respectively.

Figure 7. The performance of neural network prediction when the inputs are the GAM fitted limiting current density and a subset of (a) 4 or (b) 3 parameters out
of 7 parameters. The notation in the figures represent the parameters that are excluded from the inputs. The colors of the notation match the two MAPE lines

representing the best and worst prediction.

purpose of this study is to use arithmatic operators to pre-convert
parameters as inputs to evaluate the efficacy of such converted
parameters in improving the GAM prediction.

Figure 9 shows the best MAPE for the networks with different
configurations and different input formats. The network configura-
tions are ordered by the number of neurons in the 1st, 2nd, and then
the 3rd layer. The total number of network configurations is 4> and
each configuration is repeated for about 30 cases (2000 cases in

total). Figure 9a shows the best MAPE for each NN configuration
when the four parameters are used directly as the inputs. The NN
performance is the same as the GAM when the first layer has only
one neuron. This can be expected because all the other parameter
inputs are forced to fold into the single neuron in the first layer
regardless of the configuration of subsequent layers. While the
network performance improves when the first layer increases to two
neurons, the performance is still largely independent of the second
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Figure 10. The relationship between numerically simulated and fitted limiting current using the two-step transport model and GAM fitting: (a) 5000 cases for

fitting and (b) 2000 cases for testing.

and third layers. However, when the first layer has three and four
neurons, the performance not only further improves but also
becomes more dependent on the other two layers. A lowest MAPE
of 3.4% is obtained with the [4, 4, 4] network configuration.

The velocity profile and the mass transport in the trench is
expected to be highly dependent on the depth of trench or the aspect
ratio of the trench. Figure 9b shows the same performance
comparison as Fig. 9a except that the depth is replaced by a function

of aspect ratio. Such replacements do not change the degree of
freedom among the inputs while providing arithmetical operations in
advance. It is evident that such replacement does not significantly
change the network performance. When the first layer has only 1
neuron, such replacement compromises the fitting, suggesting the
aspect ratio and the functions of aspect ratio are less effective than
the depth itself as an NN input. When the first layer has three or four
neurons, aspect ratio becomes slightly more effective as an input,
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suggesting that the aspect ratio may be present in the correlaton
equations of the mass transport.

Another case in Fig. 9b is where the four additional paramenters
are used in their logarithmic forms. When the first layer has only one
neuron (configuration 1 to 16), it does not result in a better
performance than GAM. This is expected because the GAM is
already a linear combination of the logarithmic forms of these
parameter. Therefore, no improvement is expected from combining
more logrithmic parameters with the GAM prediction into the only
neuron. However, when the number of neurons in the first layer
increases, the performance rapidly improves, consistent with the
observation for single layer network in Fig. 8. Furthermore, the
performance remains independent of the size of the second and third
layers. Because linear combination of logarithmic parameters are
simply products of power functions, the recursive linear combination
operations in the subsequent layers appear to be redundant depsite of
the sigmoid normalization at each layer. While the detailed insights
of neuron networks remain unknown, this comparison suggests that
the difference between the mass transfer rate and the rate predicted
by the GAM model, i1;,, — irim_gam- 1S also a combination of power
functions and can be described using another GAM model. In other
words, the GAM model in Eq. 15 can be further improved by adding
another GAM model.

Corrected GAM model.—A simplified two step mass transport
physics model is proposed. The first step represents the convective
transport from bulk solution to the top opening of the trench, and the
second step represents the transport from the opening to the bottom
electrode. The two steps are in series and the overall mass transport
coefficient can be described as

nF-C_ 1 _ 1 + 1 [22]
hmass, 1 hmass,Z

ILim h mass

where 45015 Mimass2, and by, represent the convective mass
transport coefficients in the first step, second step, and overall
process, respectively. The spherical diffusion at the trench opening is
ignored. Based on the discussion in Fig. 9, both convenctive
transport steps can be described using Sh =k - (Re)™ - (Sc)",
resulting in the overall transport as a combination of two power
function correlations. A multi-varient fitting is performed for this
two step model using the first 5000 cases for fitting and the other
2000 cases for testing. While a true global minimum of the fitting
cannot be garanteed, this fitting has been performed using general-
ized reduced gradient solver with 100 starting points®® and a same
minimum has been reached multiple times. Figure 10 shows the
relationship between numerical simulated liliming current density
and the limiting current predicted with the following two correla-

tions
-1.589 , (0.399  £0.686 . )0.592 . }=0232 , ,~0.101 , =0.052

(23]

hmcm',l =e v

1979 | (0.099 0280 | 09T, 1, =0.168 1752 f=2437

(24]

hmass,Z =e

Compared with the single step GAM fitting in Eq. 15, the overall
MAPE is reduced from 12.7% to 7.7% with the two step transport
GAM model. It is very interesting that one of the fitted correlations,
Eq. 23, strongly depends on s and f, suggesting strong influence
from the paddle convection on this mass transfer step. On the other
hand, this step is almost independent or very weakly dependent on
the trench geometry, w and h. Therefore, this Eq. 23 describes the
transport in the bulk electrolyte outside the trench. The other
transport correlation in Eq. 24 describes the mass transfer rate
within the trench. It is strongly dependent on the trench dimensions

and almost independent with the stroke length s. It weakly depends
on the paddle freqency probably due to the time averaging across
half a period as discussed in Egs. 18 to 21. Both convection
coefficient correlations are consistent with Eq. 21.

The two convective mass transfer coefficients can be further
converted into the dimensionless forms as below.

Shy ~ 0.204 - (Re)*686 . (S¢)0-408 [25]
with
Lej o 50886 . 3,)0.312 . j0.160
Shy ~ 0.138 - (Re)0280 . (§¢)0-209 261
with
Ly o 50250 3y=2433 . 3385

The dimensions of the two characteristic lengths in the two transport
steps are [m'®] and [m'?°], respectively, also suggesting additional
contributions from other dimensions such as the cell size and paddle
geometries. It is worth noting that the characteristic length listed
above for the Eqgs. 14, 17, 25 and 26 may not be final because
additional dimensionless number such as aspect ratio or other ratios
between dimensions can be present in the mass transport
correlation.?! For instance, in the second mass transport step, where
the trench geometry is important, the convection coeffiecient in
Eq. 24 shows that it depends on w!7>2 . 4=2437 If the aspect ratio
h/w is present as a separate term in the mass transport correlation, it
will change the definition of characteristic length. Furthermore, it is
known from early studies” that the mass transport in paddle cells on
flat surface is strongly influnced by the paddle shape, paddle size and
the gap between paddle and cathode. These parameters can also pair
up as additional dimensionless numbers in the correlation, further
changing the characteristic length. While future studies would be
required to better understand the influence of these parameters, the
dimension derived above, [m'?°], remains unchanged suggesting
that impacts of additional dimensions must be present in the
correlation.

While a fitted neural network can predict the limiting current with
a MAPE below 3%, it relies on a large number of parameters in the
hidden layers without physical meaning. On the other hand, GAM
model provides partial understanding of the physical process and
allows analytical calculation of the limiting current. Analytical
integration of the current also becomes possible to predict the metal
growth in the trench. However, the accuracy of a single GAM model
is much lower. The analysis of different neural networks in Figs. 8
and 9 clearly suggest that the limiting current can be more accurately
predicted using a linear combination of multiple GAM models.

nGAM

iLim= ), GAM, [27]
j=1

From Fig. 8, the MAPE is expected to be about 12% for a single
GAM, 7% for two GAM, and below 4% when three or more GAM
are used. However, such addition of GAM can be viewed as simply
allowing more fitting parameters. The analysis in this section
however demonstrates a direction using NN analysis to help under-
tand the physical process. For example, Eq. 22 provides the physical
understanding of the second GAM in the model. It is well known
that spherical diffusion governs the limiting current on a microelec-
trode, which is proportional to the ion diffusivity and inversely
proportional to the electrode size.*' The trench width in this study is
between 20 to 150 pm, making the spherical diffusion a nontrivial
contributor to the overall mass transport and the potential me-
chanism for a third GAM component. The trenches are not isolated
and the spherical diffusion boundary layer is periodically interrupted
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by forced paddle convection in this study. This contribution is
expected to be different from the classic spherical diffusion and
dependent on the parameters beyond diffusivity and trench width.

Conclusions

The mass transport behavior in patterned micro-sized trenches
under reciprocating paddle agitation are systematically studied using
numerical simulation and neural network analysis. A large number
of numerical models are computed to cover a wide parameter space
of trench geometry, electrolyte properties, and operation conditions.
A correlation with power functions between the mass transport
Sherwood number and dimensionless Reynolds and Schmidt num-
bers are obtained using generalized additive model (GAM). Neural
networks are also used not only to provide much better predictions,
but also to determine which parameters have additional impacts on
the mass transport beyond the GAM model and in what forms these
parameters take to describe these additional impacts. A two-step
convective mass transport process is proposed, where the first step
describes the transport outside the micro-trenches and the second
step describes the transport inside the trench. An improved correla-
tion is demonstrated for the overall mass transport rate using this
two-step model.
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