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ARTICLE INFO ABSTRACT

Keywords: Experimental observation methods for understanding industrially important solid-state sintering are essential for
Bayesian data assimilation the development of new materials and devices. To experimentally characterize solid-state sintering, the limita-
In situ tions posed by the complexity of target materials, experimental equipment, and observation conditions must be
Phase-field simulation . . o . . . .

Sinteri overcome. Therefore, hybrid techniques for predicting sintering behavior based on experimental datasets and
1nterin; . . . . . . P
Nanopafticles physics-based simulation models are highly sought after. Herein, we propose a new technique for combining a

physics-based model and experimental observation results from solid-state sintering using a nonsequential
Bayesian data assimilation (DA) method. The proposed technique assimilates experimental data—obtained using
in situ electron tomography/scanning transmission electron microscopy—into the corresponding phase-field (PF)
model to enable high-fidelity PF simulations by estimating multiple material parameters included in the PF
model. This study demonstrates the inverse estimation of seven parameters, including temperature-dependent
diffusion coefficients, from the time-series information on the morphology of sintered nanoparticles observed
in situ. The estimated parameters provide the high-fidelity PF simulation to capture the observed solid-state
sintering of copper nanoparticles. Thus, this study contributes to the construction of digital twins for solid-
state sintering based on DA-integrated PF simulations and in situ observation datasets and deepens our under-
standing of the sintering process.

1. Introduction

Owing to the importance of solid-state sintering for the production of
bulk polycrystalline materials, in situ observations using scanning/
transmission electron microscopy have been widely used to elucidate
the details of this process [1-4]. For example, the solid-state sintering of
Cu particles has been observed in situ using scanning electron micro-
scopy [1], that of Cu and alumina particles has been observed using
electron and X-ray tomography [2,3], and that of Cu nanoparticles (NPs)
has been observed in four dimensions using electron tomography/-
scanning transmission electron microscopy (STEM) [4]. However, even
though the aforementioned state-of-the-art techniques shed light on
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some solid-state sintering phenomena, they do not provide deeper in-
sights into the sintering process because of the complexity of the target
material and observation uncertainty (i.e., experimental noise and er-
rors). Therefore, a coupling methodology to combine experimental ob-
servations and physics-based simulation models is required to
effectively elucidate the mechanism of solid-state sintering and predict
the evolution of sintered materials [5,6].

The phase-field (PF) method [7] is a powerful physics-based model
for simulating physical phenomena occurring at the nanoscale and
mesoscale. Various PF models of sintering have been proposed, and
some of them have been experimentally validated through in-
vestigations of neck growth and densification [8-10]. However,
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Fig. 1. Schematic of the PF model combined with in situ observation results for the solid-state sintering of Cu NPs.

considering that the PF model is a continuum one, the included physical
and material parameters, such as interfacial energy and mobility, must
be accurately identified to simulate the target physical phenomena, even
if the PF model itself provides highly accurate prediction. The direct
experimental identification of all material parameters required for
quantitative PF simulation is difficult. Despite the multitude of material
parameters reported to date (e.g., interfacial energies and diffusion co-
efficients), most are calibrated under ideal conditions. Therefore, an
accurate prediction of solid-state sintering is impossible even if the PF
simulation of solid-state sintering is performed using values available in
literature.

Bayesian data assimilation (DA) is a powerful statistical method for
assimilating experimental data into numerical simulations based on
Bayes’ theorem. It can also be used to estimate unmeasurable informa-
tion from available experimental datasets [11], with successful appli-
cations, including more accurate weather [12] and typhoon [13]
forecasting. Moreover, Bayesian DA can simultaneously and inversely
identify unknown material parameters from small experimental data-
sets. Previous numerical studies have demonstrated that the inverse
estimation of material parameters required for high-fidelity PF simula-
tions can be performed using numerous DA methods such as the
ensemble Kalman filter [14-16] and ensemble four-dimensional varia-
tional method [17-19]. Rosenthal et al. [20] used the bootstrap particle
filter to assimilate the in situ observation data for sintered polyamide-12
(nylon), obtained via X-ray contrast tomography, into the corresponding
PF model. However, to the best of our knowledge, no study has reported
the inverse estimation of multiple material parameters for the PF
modeling of solid-state sintering from four-dimensional electron to-
mography datasets.

To bridge the aforementioned gap and perform high-fidelity PF
simulations, we propose a new method for combining a PF simulation
and in situ observation datasets obtained via four-dimensional electron
tomography/STEM and inversely estimating multiple material param-
eters from in situ observation data, which is essential for a high-fidelity
PF simulation. Furthermore, the proposed method was used to perform a
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Fig. 2. Sintering temperature variation during the in situ observation of the
Cu NPs.

high-fidelity PF simulation of the solid-state sintering of Cu NPs. Fig. 1
illustrates the concept of combining a PF model and in situ observation
results of the solid-state sintering of Cu NPs. In the first step, a PF model
for solid-state sintering was selected. The proposed method identifies
optimal parameters that can be utilized in PF simulations based on
arbitrary models to reproduce the experimental data. The more
advanced and accurate the PF model used, the closer the estimated
values are to the real ones. Conversely, by verifying the accuracy of the
estimated values, the proposed method can contribute to the experi-
mental validation of PF models. To demonstrate the ability of the pro-
posed method to enable a primitive PF model to capture the observed
sintering behavior, in this study, we adopted a commonly used PF model
(proposed by Wang [21]) that can simulate the rigid-body motion of Cu
NPs during the sintering process. The physical values and
temperature-dependent material parameters included in the PF model
were estimated using the Bayesian DA method from the time-series
experimental data of nonisothermal solid-state sintering. The morpho-
logical information on Cu NPs obtained via an in situ experiment was
used as the observation data for the DA. The use of optimally estimated
parameters enabled the high-fidelity PF simulation of the solid-state
sintering of Cu NPs. In the second step, the fidelity of the PF simula-
tion was validated by performing a PF simulation of nonisothermal
solid-state sintering using an initial Cu NP configuration different from
that adopted for parameter estimation. For practical utility, we
demonstrated that seven parameters, including the
temperature-dependent surface and grain-boundary diffusion co-
efficients, of Cu atoms can be inversely estimated from the morpho-
logical information on sintered Cu NPs. Finally, we investigated the
extrapolative predictability of the estimated parameters.

2. In situ observation
2.1. Experimental conditions

Two clusters of Cu NPs with a bimodal size distribution (Mitsui
Mining & Smelting Co., Ltd.; average diameter of the core Cu NPs = 150
nm, diameter of the shell Cu NPs < 10 nm) with different initial con-
figurations (sample #1 and #2) were observed using aberration-
corrected STEM (Titan Cubed G2, Thermo Fisher Scientific). The
numerous shell Cu NPs, which function as sintering aids, were adsorbed
and covered the entire surface of the core Cu NPs. Notably, the STEM
images only captured the behavior of the core Cu NPs because the signal
intensity of the shell Cu NPs was much smaller than that of the core Cu
NPs [4]. Therefore, the discussions hereafter focus on the core Cu NPs.

In this study, an acceleration voltage of 300 kV and a convergence
semi-angle of 1.2 mrad were used. The tilt angle was changed from -62°
to 62° in increments of 2°. The probe current was set to 10 pA or less.
The number of NPs in the field of view was 27 for sample #1 and 24 for
sample #2. Atmospheric contamination was prevented by using an
argon-filled glove box and a heating TEM holder with an atmospheric
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Fig. 3. Flowchart for obtaining observation data (distributions of the variable¥,) and the initial distributions of the PF variables.

isolation function (Mel-Build Co. & NORCADA Inc.). The sample was
initially maintained at 200 °C for 1 h and subsequently heated to the
target temperature (370-420 °C). After heating for 5 s, the sample was
cooled to 200 °C and the tilt series of high-angle annular dark field
images was acquired. Because the in situ observation data were acquired
at low temperatures, no morphological change occurred in the Cu NPs
during the observation. Once the observation data were acquired, the
sample was reheated. The cooling and heating times were considerably
shorter than the sintering time. Ihara et al. [4] confirmed the absence of
a significant difference between neck formation via pulse and contin-
uous heating. The heating—observation cycle was iterated up to a heat-
ing time of 55 s. The temperature profile for sintering is shown in Fig. 2.
Although the target temperature was increased stepwise, the sintering
occurred under isothermal conditions in each 5-s heating interval. The
tilt series images were denoised using a blocking-matching and
three-dimensional (3D) filtering algorithm [22]. Thereafter, a com-
pressed sensing implemented algorithm (iterative series reduction;
ISER) [23,24] was used to reduce the artifacts produced by the 3D
reconstruction process. The parameters for the ISER process were set as
follows: iterations = 300, application times = 63 x 1, and sensitivity =
9999. A detailed description of the denoising techniques can be found in
the literature [4].

2.2. Postprocessing methods for in situ observation

The 3D morphology of the sintered Cu NPs was used as the obser-
vation data for the DA. As shown in Fig. 3, the observation data, which
included the distribution of ¥, and initial distributions of the PF vari-
ables were obtained as follows: (i) The in situ observation results were
binarized to obtain sliced image data. The binarized value obtained from
the image data at time t was defined as ¥, where ¥; = 1 inside the Cu NP
and ¥; = 0 in other regions. (ii) The sliced images of ¥, were stacked in
3D to obtain the voxelized data of ¥; with 256 x 256 x 128 regularly
divided grid points. (iii) The PF variables ¢; (i = 1, 2, ..., N) were
manually set at the center of Cu NPs based on the voxelized data of ¥,.
(iv) The multi-phase-field (MPF) simulation of grain growth [25] was
performed, where the interfacial mobility was defined as zero in the
region ¥; = 0. (v) The consistency of the position of the grain boundaries
obtained via MPF simulation with that of the in situ observation was

checked. (vi) Steps (iv)-(v) were repeated with an adjusted initial dis-
tribution of ¢; until the grain boundary positions obtained via MPF
simulation agreed with that of the observation data. The observation
data used in this study consisted of 11 time-frame datasets obtained at
5-s intervals.

To quantitatively evaluate the migration of Cu NPs observed in situ,
their centers of mass, r.;, were calculated using the distribution of ¢;
obtained after the MPF simulation as

ro = é /V rpd’r, )

where r denotes the position vector. Particle migration was evaluated
based on the change in the particle center as follows:

Arg =1l -1, 2
where the upper superscript denotes time. The approximate volume of
the sintered Cu NP clusters and their densification rates were quantita-
tively evaluated based on the volume of the convex hull [26] with the
centers of mass of the particles. The approximate volume of the sintered
Cu NP clusters was calculated by applying the following steps: (i) The
coordinates of the center of mass of the particle for the in situ observation
data were calculated using Eq. (1). (ii) Using the convex hull method
from the Scipy library [26], the volume of the convex hull was calcu-
lated from the 3D coordinate information of the center of mass of the
particle obtained in (i). Note that the approximated volume is not the
total volume of the sintered particles, but the approximate volume of the
particle cluster as a single sintered body.

3. Numerical framework
3.1. Phase-field model

As described in Section 2.1, our experiment was designed to maintain
a constant temperature in each 5-s sintering interval. In addition,
temperature-distribution analysis confirmed that a spatially uniform
isothermal condition could be assumed in the Cu NPs during sintering
(see the Supplementary Material). Therefore, the PF model of solid-state
sintering used in this study was based on those proposed in the previous
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studies [21,27,28]; the PF model was based on the isothermal assump-
tion. The evolution of the Cu NPs during sintering was simulated using
two types of PF variables, p and 5; i =1, 2, ..., N; where N is the number
of particles) [21]. Both PF variables were defined to change smoothly
from zero to unity in the interface region. The total free energy of the
target system, F, was defined as

N
F- {fbulk(p,m + 29+ Z%wnﬂ}dv, ®
v i

where fiyk is the chemical free-energy density in the bulk defined as

foue = Ap*(1 = p)*

N N N 2
+B ﬂ2+6<1—man—4(2—p)an+3<Zn?> @

5
The coefficients A and B are defined as [27,28]

_ 12ysurf - 7ygb

A
o

(5)

B="2 ®)

where yquf and yg, are the surface and grain-boundary energies,
respectively, and § is the thickness of the diffuse interface. The second
and third terms on the right-hand side of Eq. (3) represent gradient free-
energy densities. k, and k, are the gradient energy coefficients calculated
as follows [27,28]

3

Kp = Z (Zysurf - ygb>67 (7)
3

Ky = Zygb(s' (8)

Owing to the conservation of mass, p was treated as a conserved
variable, and the time evolution equation of p was based on the
Cahn-Hilliard equation [29]:

dp S6F
=V (Mpvﬁp pzi:vl> , 9)

where M, is the mobility of p, and v; is the advection velocity of the ith
particle (i = 1, 2, ..., N). Assuming that the rigid-body motions of sin-
tered particles consist of translation and rotation, v; is defined as [21]

Vi =V, (10)

where v;" and v are the translational and rotational velocities of the ith
particle, respectively. Generally, the advection-induced rigid-body mo-
tions of sintered particles occur when the particles are in contact with
each other. Therefore, the effective local force, dF;, that leads to rigid-
body motion can be formulated as [21]

dF; = kstZ(P *P0)<’7i'7j> [vﬂi - V”j} d’r, an
J#

where kg is the stiffness constant, pg is the equilibrium value of p in the
grain-boundary region, and <#;5;> is defined as

(min) = {(1)

(ﬂi'/j 2 C)

R 12
(nin; < ¢)” 12

where c is the threshold for identifying grain-boundary regions. The
force acting on the ith particle, F;, is defined as

v

In NP sintering, small forces, such as the van der Waals and liquid

Acta Materialia 278 (2024) 120251

bridge adhesion forces, that act on the noncontacting particles cannot be
neglected [30]. Because the surfaces of the experimentally observed Cu
NPs were assumed to have no liquid phase, only the van der Waals forces
were considered. The van der Waals force acting on the ith particle,
Fi"d"", is defined as [31]

A d;d; 1 Tej — T
FYdW _ il 1+ cj c.i 14
! jZ6z2 (di + dj) (1 + 11.122//1) [t — req| as

where 4 is the Hamaker constant, 4 is the characteristic wavelength (~
100 nm), d; is the radius of the ith particle, z is the separation distance,
and r.; is the center position of the ith particle. Using the forces calcu-
lated using Egs. (11), (13), and (14), v™" and v°' can be defined as

vlgr _ my (Fl +F¥dw)ﬂi, (15)
Vi

Ve = "‘l/'_"Ti x [r—rei]m;, 16)
L

where my and my, are the translational and rotational mobilities,
respectively; V; is the ith particle volume; and T; is the torque calculated
as

Ti = /V[rfr,:vi} X dFi. (17)

The center position, rc;, of the particle was calculated as

1
re; = Vi/vrnidﬂ (18)
In Eq. (9), M, is defined as [32]

M, = Myaih(p) + Muap{1 — h(p)} + Miurtp® (1 — P)2 + ZZMng?p
T A
19

where h(p) is an interpolation function defined as h(p) = p3(10 -15p -
6/)2). Myol, Myap, Mgyf, and Mgy, are the mobilities of the volume, vapor,
surface, and grain-boundary diffusion, respectively, calculated using the
corresponding diffusion coefficients Dx as Mx = DxVy,/RT (X = vol, vap,
surf, gb), where Vy, is the molar volume, R is the universal gas constant,
and T is the absolute temperature. The diffusion coefficients obtained
via the Arrhenius law: Dy = DOX exp(- Qx/RT), where DOX is the pre-
exponential factor and Qx is the activation energy. Notably, M, de-
pends on the temperature-dependent diffusion coefficient. Thus, the PF
model can address the stepwise increase in temperature after the
observation.

The PF variable, 7;, is a nonconserved variable because particle size
can change as a result of grain growth during sintering. Therefore, the
time evolution equation for #7; was derived based on the Allen—Cahn
equation [33]:
on; OF

i —M,,é—m - V-(n;w), (20)

where M, is the mobility related to grain-boundary migration. In the PF
simulation of sintering, Eqs. (9) and (20) were solved via the finite
difference scheme. Spatial discretization was conducted via the second-
order central finite difference method. Time integration was calculated
by using the first order Euler scheme. To strictly satisfy conservation of
mass, p in the interfacial region (0.1 < p < 0.9) was corrected using Ap /
n,, where Ap is the amount of change in the total p per computational
time step and n, is the number of computational grids in the interfacial
region (more details are provided in the Supplementary Material).

In this study, the seven parameters in the PF model were simulta-
neously estimated through nonsequential DA. Four of these parameters
Dyt ng, Qsurt, and Qgp) were used to determine the temperature-
dependent surface and grain-boundary diffusion coefficients. The
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Table 1

To-be-estimated parameters, ranges of their possible values, background values,
and standard deviations used to determine the uncertainty of initially estimated
parameters.

Parameter Range Background Standard
mean deviation
Dt [m® 5711 1077 < Dy < 10° 1.0 x 1077 25 %
Qaurf [Jmol™'1  5x10°< Q<2 x 1.0 x10° 10 %
10°
D, [m?s7'] 1077 < DY, < 10° 1.0 x 1077 25 %
Qg [Jmol ] 5 x 10% < Qg < 2 % 1.0 x 10° 10 %
10°
my [m®J ! 0<my<102° 5.0 x 102 1%
—1
s]
M, [m®J? 0<M,<107° 5.0 x 107 10 %
-1
s ]
kst INm™2] 106 < kg < 108 1.0 x 107 10 %

other three parameters were my, ks, and M,. The sensitivity analysis
results on kg and my, are shown in the Supplementary Material.

3.2. Data assimilation

A nonsequential DA method [19], which minimizes the
four-dimensional cost function using a tree-structured Parzen estimator
(DMC-TPE), was used in this study. The DMC-TPE method relied on
Bayesian optimization to determine the minimum value of the cost
function, which represents the time integral of the mismatch between
the time-series observation data and numerical simulation results. The
set of material parameters minimizing this function was defined as that
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of optimally estimated parameters leading to experimental data repro-
duction [19]. To perform the DA using DMC-TPE, the augmented state
vector, x;, and observation vector, y,, were defined. x;, consisted of all PF
variables on all computational grids at time t (0 < t < tepg) and the
parameters to be estimated. y; was composed of ¥,. Therefore, x;, was
defined as:

X, = (pt[0]7pt[1]7 e P [Ngrid]vnlt[o]v '71f[1]7 ceey nlt{Ngfid} 7742:[0]7’7&[1]7 sy
M2 [Ngrial - -+ 1[0, (1] -ty [Ngria] . 6) -
@D

Here, p[j] and n[j1 (i=1, 2, 3, ..., N) are the order parameters on
the finite difference gridsj j =1, 2, 3, ..., Ngiq) at time t, where Ngyiq is
the number of finite difference grids. The vector € contains the seven
parameters to be estimated: 8 = Dyt ng, Qsur, Qgbs My, ks, My). T
denotes a transposition. y; was defined as

¥, = (¥.[0], W.[1], ..., ¥ [Ngria] )", (22)

where ¥[j] j =1, 2, 3, ..., Ngiq) denotes the value of ¥; on the finite
difference grids j. Both x; and y; were considered stochastic variables
because the numerical simulation results and observation data con-
tained numerical and experimental errors. The state and parameters
were estimated by optimizing the initial state vector xo by minimizing
the cost function, which represents the data misfit between x; and y;
from time t = 0 to t = teng, as discussed in the literature [18,19].

tend
J(Xo) = %(XO - Xg)TB_l (%0 —x3) + Z%(H[(xt) —y) R (H(x) —¥,),

(23)

Fig. 4. Results of the (a—d) in situ observation of solid-state Cu NPs sintering for sample #1 and (e-h) PF simulation based on previously reported diffusion co-
efficients [35,37], (i-1) PF simulation performed by assimilating the in situ observation data using the DA method. Black arrows indicate pore annihilation locations.
The temperatures for each image (from left to right) are 200, 378, 404, and 420 °C and correspond to sintering times of 0, 15, 35, and 55 s, respectively.
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where x} denotes the background state vector containing the initially
estimated state variables and parameters. To extract only p; from x; and
compare them to the components of y;, an experiment operator, H;, can
be defined as

H, = diag.[1,1,...,1,0,0,....,0] 24

Here, the first Ng;iq components of Eq. (24) are unity, whereas the
others are zero. Therefore, H/(x;) corresponds to H{(xy) = (p[0], p[1],
e pt[Ngrid])T. The matrices B and R, in Eq. (23) represent the back-
ground and observation error covariance matrices, respectively, repre-
senting the uncertainties in x5 and y;.

The maximum number of minimization iterations of the cost function
was set to 400. The optimally estimated values were contained in X,
which provided the minimum cost function. For the estimation of Cu-
atom diffusion coefficients, the relationship Dgyf > Dgp > Dyol was
assumed to be satisfied regardless of the sintering temperature because
this relationship generally holds at high temperatures [34,35]. Table 1
summarizes the ranges of possible values, background values, and
standard deviations determined in a preliminary study and used to
determine B. The background (i.e., initially estimated) values of DOt
and ng were set to the lower bounds of the respective ranges to prevent
numerical divergence caused by large diffusion coefficients. The stan-
dard deviations were set to smaller values for parameters more sensitive
to state changes [17]. Therefore, B is defined by the diagonal matrix as

B=diag. [0, ...,0, (GDSM> 2, ((rQs“,f) 2, (Gng)za (Gng)27 (Gm,,)z»(UM, )zs(f’ks‘ )2 :

(25)

Here, the first Ngiiq + NNygriq components of B were zero because the
initial distribution of p; and #; were obtained from the in situ observation
results. ox (k = D%us, Qsurt, ng, Qgb, My, My, and k) are the standard
deviations of initially estimated parameters listed in Table 1.

Assuming that the correlation between the observation data at
different locations is zero, R; is defined by the following diagonal matrix:

R, = diag. [(aw){ oos (o) (26)

where the dimension of Eq. (26) is Ngiq and all the components are oy,
which is the standard deviation of ¥, that represents the uncertainty of in
situ observation data. In this study, we used oy = 0.1.

DA and PF simulations incur relatively high computational costs.
Therefore, the supercomputer Wisteria at the University of Tokyo in
Japan [36] was used in this study. We performed parallel computation
with eight GPUs, which allowed the execution of 400 iterations within
approximately 60 h.

4. Results and discussion
4.1. In situ observation of Cu NP sintering

To obtain the data to be assimilated into the PF simulation (step 1 in
Fig. 1), we observed solid-state sintering in two samples with different
initial Cu NP configurations (samples #1 and #2). The data obtained for
sample #1 were used for the inverse estimation of material parameters
using DA, whereas those obtained for sample #2 were used to validate
the fidelity of the PF simulation using the estimated parameters (step 2
in Fig. 1). The main findings obtained from the in situ observation of Cu
NPs are reported in the literature [4].

Fig. 4a—d shows the morphological changes of Cu NPs in sample #1
during the sintering experiment obtained via STEM; the NP cluster
morphology is depicted using the distributions of a binarized variable,
¥:. Neck formation between the NPs was detected during the solid-state
sintering, and the shrinkage and disappearance of interparticle voids or
pores (indicated by arrows in Fig. 4a—c) caused macroscopic shrinkage
and densification. Because conventional theories regarding solid-state
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Fig. 5. Evolution of cost function calculated through DA using the in situ
observation data for sample #1. The blue line shows the evolution of the cost
function minimum updated during iterative minimization.

sintering deal with one or two particles, they do not provide sufficient
insights into the observed sintering process and are unsuited for the
inverse identification of material parameters from observation data. In
contrast, the DA method enables the identification of material parame-
ters from the morphological information on sintered Cu NPs, as
described below.

4.2. Estimation of material parameters using DA

To estimate the seven material parameters, including the
temperature-dependent diffusion coefficients of Cu atoms, we assimi-
lated the observation data (i.e., the distribution of ¥; obtained from the
in situ observation results shown in Fig. 4a-d) into the PF simulation
[21] using DMC-TPE, as described in Section 3.2. Note that both the
observation data and PF model used in this study had certain limitations.
The observation data did not contain the shell Cu NPs that affect neck
growth [4], and the PF model was primitive (e.g., the simulation results
depended on interface thickness). These limitations were treated as
uncertainties in the DA. Therefore, estimated values were provided to
accurately predict the experimentally observed sintering behavior in the
PF simulation performed under the conditions described below. The
computational domain had dimensions of 1.14 pym x 1.14 pm x 0.57 pm
for sample #1 and 1.44 pm x 1.44 pm x 0.72 pm for sample #2. Because
both domains were discretized with 128 x 128 x 64 finite-difference
grids, the grid spacings were Ax = Ay = Az = 8.90 nm for sample #1
and Ax = Ay = Az = 11.27 nm for sample #2. The measured temper-
ature profile, shown in Fig. 2, was used for the PF simulation. For the
first 10 s of sintering, the measured temperatures continuously increased
with lower temperatures than the target temperatures. However, we
assume that the isothermal PF model could be used, despite this tem-
perature change, because negligible sintering occurred during the
low-temperature period. The surface energy was set as ygurf = 1.35 J m ™2
[38]. The grain-boundary energy was assumed to depend on tempera-
ture and was set as ygp = 0.783 - 1.34 x 104 T J m~2 [39]. The pa-
rameters related to the advection velocity were py = 0.98, ¢ = 0.14, and
Mo = My/100 [21]. The time increment was At = 1 x 1072 s. The
volume diffusivity pre-exponential factor and activation energy were
Dgol =35 x10°m?s ! and Qyol = 2.04 x 10°J mol ! [34], respec-
tively. The vapor diffusion coefficient, Dyap, was assumed to be
one-tenth of Dy, because mass transport in the vapor phase is substan-
tially smaller when the sintering temperature is significantly lower than
the melting point of Cu. The initial distributions of the Cu NPs were
determined based on experimental data for t = 0 s. Note that previous
work [40] revealed the significant influence of p( on sintering behavior.
Therefore, we conducted DA to estimate nine parameters, including
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po and my,, in the preliminary investigation. The results showed that
although the estimation of py and my, affected the parameter estimation
results, this process did not have a distinct effect on the PF simulation
results obtained using the estimated values. The details of the pre-
liminary investigation are presented in the Supplementary Material.
Fig. 5 shows the evolution of the cost function obtained through DA
calculations using the observation data for sample #1. Evidently, this
function decreases with an increase in the number of iterative minimi-
zations. Because convergence was almost complete after 300 iterations,
we concluded that the minimum value of this function during the 400
iterative calculations could be obtained in the 308th iterative step. The
optimal material parameters minimizing the cost function were as fol-
lows: Doy =3.71 x 107 m*s™", Qquet = 1.46 x 10° Jmol !, DY, = 2.26
x 1078 m?s™%, Qg = 1.63 x 10> Jmol %, myy =3.78 x 107 * m>J 157},

M,=1.28 x 107 m3J's7!, and ks = 1.74 x 10° Nm™2 Fig. 6 shows
the variation of the seven parameters during cost function minimization.
In the early stage, the estimated parameters have a large variation up to
approximately the 150th iterative step. However, in the later stages, the
variation decreases and there is a tendency toward convergence. To
verify the optimally estimated parameters, the PF simulation was car-
ried out using the estimated parameters obtained at the last (399th)
iterative step. The result shows that the morphological changes of the
particles were almost the same as those obtained using the best opti-
mally estimated parameters (see Fig. S7 in the Supplementary Material).

Fig. 7 shows the temperature dependence of the three diffusion co-
efficients (i.e., volume, surface, and grain-boundary diffusion co-
efficients) to obtain the former parameters. The surface and grain-
boundary diffusion coefficients were calculated using the estimated
parameters. Although not all estimated parameters could be compared
with previously reported values, the estimated surface diffusion coeffi-
cient was approximately two orders of magnitude smaller than that re-
ported by Bowden and Balluffi [37]. However, the sintering behavior of
the Cu NPs simulated using previously reported diffusion coefficients
[35,37] differed from that obtained through the in situ observation. The
sintering process was overpredicted when the previously reported
diffusion coefficients were used (Fig. 4e-h), whereas the material pa-
rameters estimated using the DA method accurately reproduced the
sintering behavior, including pore annihilation and the overall
shrinkage of the sintered NPs (Fig. 4i-1). This result demonstrates that
the estimated values are helpful for improving the fidelity of PF simu-
lation, even if they differ from the values reported in literature. A more
detailed comparison between the in situ observation data (Fig. 4a—d) and
the results of the data-assimilated PF simulation (Fig. 4i-1) is described
below.

Fig. 8a shows the morphological changes in the Cu NPs obtained
through the in situ observation and PF simulation with the optimally
estimated parameters for the rectangular region shown in Fig. 8b. As
indicated by the arrows in Fig. 8a, the PF simulation reproduced the
observed pore annihilation and rigid-body motion of Cu NPs with rela-
tive accuracy. To investigate the discrepancy between the experiment
data and simulation results in more detail, we compared the center-of-
mass migration behavior predicted using the PF simulation with that
observed in situ (Fig. 8c). In the simulation results, the direction of Cu NP
migration was parallel to the sum of the vectors along the direction of
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Fig. 8. (a) Morphological evolution of Cu NPs in sample #1 calculated via the PF simulation and experimentally observed for the rectangular domain shown in (b).
White and red surfaces refer to the in situ observation data and PF simulation results, respectively. (c) Vectors show the variation in the NP center of mass, with white
and red arrows corresponding to in situ observation and PF simulation, respectively. The vector length represents the particle migration distance.
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Fig. 9. Variations in (a) approximated volume and (b) densification rate of the NP cluster for sample #1 during solid-state sintering.

the interface between the neighboring NPs, whereas the NPs migrated in
the direction of the center of the NP cluster in the situ observations.
Although the measured amounts and directions of the NP migration
included errors caused by experimental noise, postprocessing using
techniques such as segmentation and 3D reconstruction suggested that
our PF simulation did not perfectly reproduce the actual sintering pro-
cess even when the material parameters were accurately identified.
However, we should emphasize that the assimilation of the in situ
observation data into the PF simulation enables one to obtain the
insightful information necessary for model improvement, as described in
Fig. 1. The important insight highlighted here is the introduction of van
der Waals forces into the PF model. To clarify the influence of van der

Waals forces on simulated sintering behavior, we performed PF simu-
lation using optimally estimated parameters with and without van der
Waals forces. The result shown in Fig. $8 in the Supplementary Material
reveals that the introduction of van der Waals forces enables us to
reproduce the experimentally observed pore annihilation.

Fig. 9 compares the time-dependent approximated volume and
densification rate of Cu NP clusters extracted from in situ observation
data with those determined using the PF simulation. The approximate
volume obtained from observation data unexpectedly increased in the
initial stage of sintering and subsequently decreased with small fluctu-
ations. In contrast, the volume calculated using the PF simulation
monotonically decreased with time. This discrepancy was ascribed to
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Fig. 10. (a-d) Results of the in situ observation of solid-state Cu NP sintering for sample #2 and (e-h) predictions obtained via high-fidelity PF simulation using
optimally estimated parameters. The temperatures for each image (from left to right) are 200, 378, 404, and 420 °C, which correspond to sintering times of 0, 15, 35,

and 55 s, respectively.
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Fig. 11. Variations in (a) approximated volume and (b) densification rate for sample #2.

errors in the in situ observation data, as illustrated in Fig. S9. The con-
ventional theory of solid-state sintering using two particles suggests that
the densification rate follows a logarithmic function [41,42]. Therefore,
the densification rate of NPs calculated using the PF simulation (Fig. 9b)
was qualitatively consistent with that of the conventional theory.
Notably, the good agreement between the densification rates obtained
experimentally and using the PF simulation does not necessarily indicate
that the simulation accurately reproduced the experimentally observed
morphological and state changes in the sintered NPs (see Fig. $10).
Considering the results obtained for sample #1, we arrived at the
following conclusions. First, even if the material parameter values are
known from literature, they cannot be used “as is” to perform high-
fidelity PF simulations because the PF simulation results obtained
using these values differ substantially from the experiment data. Second,

even if the experiment results contain errors, a high-fidelity PF simula-
tion of solid-state sintering can be performed by estimating the optimal
material parameters using the DA method. Furthermore, we concluded
that the DA framework facilitates on-demand identification of physical
parameters in a specific target system. In the following section, we
discuss the direct comparison between the in situ observation and PF
simulation data for sample #2 to validate the PF simulation using the
optimally estimated parameters.

4.3. Validation of PF simulation with optimally estimated parameters

For validation of the proposed method to obtain high-fidelity PF
simulation results, we performed PF simulation of the sintering behavior
of Cu NPs in sample #2 using the material parameters estimated through
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Fig. 12. Results of the PF simulation of solid-state sintering for sample #1 using the parameters estimated from the in situ observation data from 0 to 25 s. Compared
to the PF simulation result show in Fig. 4i-1, the PF model predicts that a small pore remains after sintering for 55 s. The temperatures for each image (from left to
right) are 200, 378, 404, and 420 °C and correspond to sintering times of 0, 15, 35, and 55 s, respectively.

DA using the in situ observation data for sample #1 and compared the
results with the corresponding in situ observation data. Fig. 10 shows the
in situ observation and simulation results for sintering sample #2. Unlike
in sample #1, no clear pore annihilation was experimentally detected in
sample #2. The high-fidelity PF simulation captured the experimentally
observed sintering behavior. This result indicated that the optimal
estimated parameters were reasonable for reproducing Cu NP sintering.
Fig. 11a and b show variations in the approximate volume and densifi-
cation rate, respectively, for sample #2. At the initial stage of sintering,
the PF simulation underestimated the approximate volume; however,
the extent of this underestimation decreased with time. At the final stage
of sintering, the predicted volume and densification rate agreed well
with the experimental values. Notably, the sintering behavior of sample
#2 could not be reproduced by the PF simulation using previously re-
ported diffusion coefficients (see Fig. S11).

The validation of the PF simulations of solid-state sintering was
conducted by comparing experimentally observed macroscopic quanti-
ties such as densification rate. Note, there are no studies comparing PF
simulation results with in situ observations of neck growth, particle
rigid-body motion, or pore annihilation behavior. Furthermore, the re-
sults obtained in this study clearly demonstrated that the material pa-
rameters estimated using the proposed method help to reproduce real
sintering behavior, even when a primitive PF model of solid-state sin-
tering is used. This fact indicates that the DA method proposed in this
study is expected to enable the identification of actual physical values
through further improvements in PF simulation models, leading to
deeper insight into the sintering process.

In this study, we estimated the parameters from the observation data
in a limited temperature range and sintering time. Therefore, the
applicability of the estimated parameters is not universal but currently
limited. In future studies, the applicability of the PF model and esti-
mated parameters must be demonstrated for a wider range of temper-
ature, sintering time, heating and cooling rates, and particle geometries.

4.4. Extrapolative prediction performance

To investigate the extrapolative predictability of the estimated pa-
rameters, parameter estimation was performed using half of the
observed data for sample #1 (from O to 25 s). The estimated parameters
were used to predict the sintering behavior for the remaining 35 s. The
result of the PF simulations with the estimated parameters (i.e., Do =
6.97 x 107 m* s, Qquet = 1.56 x 10° Jmol ', DY, = 1.68 x 10 m?
s, Qb =1.95 x 10> Jmol ™, myy = 4.00 x 107! m*J 7' 57, M, = 7.40
x 10710 m3 g1 s’l, and kg = 1.01 x 10° N m~?) is shown in Fig. 12.
Compared to the experimental results, the reproducibility of the pore
annihilation in the area indicated by the arrow is degraded. However,
the overall sintering behavior is almost the same as that shown in
Fig. 4i-1. Therefore, we conclude that the prediction accuracy of the PF
model can be improved by performing DA using part of the experiment

10

data, demonstrating the extrapolative predictability of the estimated
parameters.

5. Conclusions

A new technique is proposed to perform high-fidelity PF simulations
by combining a PF model and in situ observation data of nonisothermal
solid-state sintering using a nonsequential DA method. This method can
estimate temperature-dependent material parameters that cannot be
directly identified via experiments, thus enabling the quantitative pre-
diction of time-series changes in sintered particles. Seven parameters to
reproduce experimentally observed sintering behavior could be
inversely estimated from the morphological information on sintered Cu
NPs. The results of this study clearly showed that the PF simulation using
the estimated parameters could quantitatively simulate the sintering
behavior of Cu NPs. Thus, this study offers a new framework for con-
structing digital twins of solid-state sintering using Bayesian DA-
integrated PF modeling and in situ electron tomography observations.
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