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Abstract

A proper orthogonal decomposition (POD) method is used to establish a POD-based
reduced-order finite difference (FD) extrapolating model with fully second-order
accuracy for the non-stationary incompressible Boussinesq equations (NSIBEs). The
error estimates of the POD-based reduced-order FD solutions obtained from the
POD-based reduced-order FD extrapolating model are provided. The algorithm
implementation for the POD-based reduced-order FD extrapolating model is given.
A numerical experiment shows that the numerical results are consistent with the
theoretical conclusions. Moreover, it is shown that the POD-based reduced-order FD
extrapolating model is feasible and efficient for finding the numerical solutions for
NSIBEs.
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1 Introduction
Let Q C R? be a bounded and connected polygonal domain. Consider the following non-
stationary incompressible Boussinesq equations (NSIBEs) including the velocity vector

field and the pressure field as well as the temperature field (see [1, 2]).

Problem I Find U = (4, v),p,and T such that for £y > 0,

‘3—z+j—;—0 (x,9,t) € 2 x (0,tn),
Gt ngu =+ y(axZ yu) (x,9,t) € 2 x (0,tn),
g¥+uaiv+%v= +V(axz+azv) (x,9,¢) € Q x (0, ty),
SL ULy "gyT 1,10(?;5 82T) (x,9,8) € 2 x (0,tn),
u(x, y,t) = gu(x, y, £), V(x,y, 1) =px,9,1), (%) € x(0,ty),
T(x,y,t) = or(x,, ), (x,9,t) € 32 x (0, tx),
ulx,y,0)=u’(xy),  v(x20 ="y, @*%)NeQ,

T(x,,0) = T°(x,7), (x,9) € 2,
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where U = (i, v) is the velocity vector, p the pressure, T the temperature, ¢y the total time,
Re the Reynolds number, Pr the Prandtl number, y = </Pr/Re, yy = ~/RePr, and ¢, (x,,t),
©,(%, 9, 8), 1%, 9, 1), u®(x,9), v’ (x,9), and TO(x, y) all are given functions.

Problem I constitutes an important nonlinear system of equations in fluid dynamics. Be-
cause this system of equations does not only contain the velocity vector field as well as the
pressure field but also includes the temperature field, especially, due to its nonlinearity, it
is not easy to find its analytical solutions. One has to rely on numerical solutions. A clas-
sical finite difference (FD) scheme with fully second-order accuracy is one of the most
effective high accuracy numerical methods for finding the numerical solutions of NSIBEs
(see [2]). However, the classical FD scheme with fully second-order accuracy for NSIBEs
generally includes many degrees of freedom so that it could bring about many difficulties
in practical engineering computing. Especially, due to the truncation error accumulation
in the computational process, the classical FD scheme with fully second-order accuracy
may also appear to have no convergence after some computing steps. Thus, an extremely
meaningful work is how to establish a reduced-order FD scheme with fewer degrees of
freedom and sufficiently high accuracy so that it can reduce the truncation error accu-
mulation, alleviating the computational load as well as saving time for calculations and
resource demands in the computational process such that it can continuously simulate
the development of the fluid flow.

The proper orthogonal decomposition (POD; see [3]) technique is one of the primary
methods to construct low-order bases for the model reduction of complex and nonlin-
ear problems. It has its roots in statistics (see [4]) and was initially used in the study
of coherent structures in turbulent flows (see [5, 6]). Over the past three decades, the
POD technique has been steadily developed (see [4—16]). Especially, in the past decade,
it is used for model reduction of the numerical computational methods (for example, the
Galerkin method, the FD scheme, the finite element method) to bring about a very good
efficiency for finding the numerical solutions to partial differential equations (for example,
see [17-26]). However, almost all existing POD-based reduced-order numerical methods
employ the numerical solutions obtained from classical numerical methods on the to-
tal time span [0, £y] to construct the POD basis and POD-based reduced-order models,
and then recompute the solutions on the same time span [0, £y], which is actually belong
to repeating computations. Therefore, in this article, we thoroughly improve the existing
methods, namely we do only employ the first few given classical FD numerical solutions
with fully second-order accuracy for NSIBEs as snapshots on the very short time span
[0, 0] (o < tn) to construct the POD basis and establish a POD-based reduced-order FD
extrapolating model with fully second-order accuracy for finding the numerical solutions
of NSIBEs on total time span [0, £y]. Thus, we sufficiently adopt the advantage of POD
method, namely utilize the given data (on the very short time span [0, £;]) to predict future
physic phenomena (on the time span [£y, £y]), which is why we name this reduced-order
method as the POD-based reduced-order FD extrapolating model. So, the idea here has a
very important guiding role if it is extended to numerical weather forecast.

Though a POD-based reduced-order extrapolating model with fully second-order FD
scheme for non-stationary Burgers equation (see [27]) and a POD-based reduced-order
FD extrapolating model with first-order time accuracy for the non-stationary Navier-
Stokes equations (see [28]) have been presented too, NSIBEs are different from the non-
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stationary Burgers equation and the non-stationary Navier-Stokes equations as is men-
tioned in [17]. Namely, they are more complex than the non-stationary Burgers equation
in [27] and the non-stationary Navier-Stokes equations without energy equation in [28].
They include a temperature field except for fluid velocity and pressure fields and there
is a nonlinear coupling for the temperature field and fluid velocity field. Thus, establish-
ing the POD-based reduced-order FD extrapolating model with fully second-order ac-
curacy for NSIBEs has far more difficulties, but, more important, it is more serviceable,
and more challenging than those for the non-stationary Burgers equation and the non-
stationary Navier-Stokes equations. Though a POD-based reduced-order FD scheme with
first-order time accuracy without adopting the extrapolation technique has been devel-
oped for NSIBEs (see [17]), it is also to test and verify only the comparison of solutions
on the same time span [0, ty] and it belongs to repeating computations. The POD-based
reduced-order FD extrapolating model with fully second-order accuracy here utilizes the
given data (on the very short time span [0, %] and ¢, < £y) to predict future physic phe-
nomena (on time span [Zy, £y]) and has no repeating computations. Especially, based on
the error estimates, we give guidance on the choice of the number of POD basis func-
tions and a suggestion on when to renew the POD basis. This is a main improvement and
innovation for method in [17].

This article is organized as follows. In Section 2 we derive a classical FD scheme with
fully second-order accuracy for NSIBEs and generate snapshots from the first few numer-
ical solutions obtained from the classical FD scheme with fully second-order accuracy.
In Section 3 we construct orthonormal POD bases from the elements of the snapshots
by means of the POD technique and establish the POD-based reduced-order FD extrap-
olating scheme with fully second-order accuracy and lower dimensions for NSIBEs. In
Section 4, the error estimates of the reduced-order FD solutions obtained from the POD
reduced-order FD extrapolating model are provided as guidance to choose the number of
POD basis functions and renew the POD basis, and the algorithm implementation for the
POD-based reduced-order FD extrapolating model. In Section 5, a numerical experiment
is used to show that the numerical results are consistent with the theoretical conclusions
and we validate that the POD-based reduced-order FD extrapolating model is feasible and
efficient for solving NSIBEs. In Section 6 we provide the main conclusions and present
discussions.

2 A classical FD scheme with fully second-order accuracy

In this section, we establish a classical FD scheme with fully second-order accuracy for
Problem I. For the sake of convenience, without loss of generality, we may as well assume
that the computational field 2 = [0, M] x [0, M]. Let Ax and Ay be the spatial step incre-
ments in the x and y direction, respectively, At be the time step increment, and u]’,i L V;’k+%
(or ij’k+ ! ) and p;fk denote the value of functions u, v (or T') and p at the points (xj+ LYk tn),

(% Vip 1o tn) and (5,96, £,) (0 < j <] = [M/Ax], 0 < k < K = [M/Ay],0 < n < N = [tn/At]),
respectively. Then the classical FD scheme with fully second-order accuracy for Problem I
is established as follows:

u}y’H—l _ un+11 n+1 n+1

+ 1k 1k ikl T ik-l
j*+3 L s B o -0, (1)
Ax Ay
2At
n+l  _ o n-1 n _ n _
u}+7,k - uj+% kt 2 5k Ax (pﬁl’k p]vk)’ (2)
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2At

n+l  _ _n-1 n _ n _ n
V/ylﬂ.% - Vj,k+% + 2Gj,k+% Ax (p],/(+1 p},k) + AtT}Jﬁ,%’ (3)
n+1 n-1
T]',HZ = T]'k 1 +2H1,k 1 (4)
where

U 1, 1 —2U,. 1, +U;_ 1 U 1, —2u, 1, +U, 3,.7"
F"l =)/At|: j+5,k-1 j+ 5.k j+5.k+1 + =5k j+ 5.k 1+7,ki|
j+7,k

Ay? Ax?
At At

n n n n n n .

Ax uj+%,k (Mj+1,k u}',k) Ay Vj+%,k (u]+ e+t Z'tj+%,k—l)’

o A ViLkel —2V 41 +V+1,<+ Vj’k_% —2V W1 +1/k+2 n
hey =7 Ax2 Ay2

Jok+ 3
_ At u (V! v ) - ﬁv” (Vi = V)5
Ax j,k+% j+%,k+% j—%,k+% Ay j,k+% Jok+1 k)

T" -27" | +T" T | =2T" | +T"
H" _ E( /—1,k+% },k+% 1+1,k+% + 1,/(—% jk+ % jk+3 )

2
Ax? Ay?
At At

n n n N n n
-—u T -T - —V T —T5).
ax et Ty = Tlpa) = 3500y (T = T

jk+5 Y0

Inserting (2) and (3) into (1) one could obtain the approximate FD scheme of the Poisson
equation for p as follows:

Ptk = 2Bk + Pjsrk | Pik-1 = 2Djk + Pk mo R
Ax? Ay? ’

where R = AtAx i

Puts=u,v,p,T. Then the boundary values of the FD schemes (1)-(4) are as follows:

[F Lk l—lk] +AtAy[Gk+— G, 1 +At(Tk+_ ijk_%)]”.

1 1 1
=<ps(xi,y%,t,,), (xi,y%)e [0,M] x {0},i= 5,1,1+ 5,...,]+ —;

.1 1
SlYKJr @s(xnyl(+_ tn) (xiry]@r%) € [O:M] x {M},i= 5 L1+ - 2 ;]+

o= 0} x [0, ],i = 51,14 5,0 K + 5

S%’i—(ps(x%’yi!tn): (x%:yi)e{ } < [0, ]’l_E, ’ +E;---» +§:

n -1 1 1

S/+%,i = (Ps(xh%,}’i»tn)» (x]+%»)/i) S {M} X [OIM]’l = 51 lyl + E:u';l<+ 51
1

s7o :ZSZ% -5 iK1 = 2sZK+% —-Six, =0, 5 L1+ > RS ,];

1 1 1
n 1 n ' n n .
So,i=25%~‘51,ir 5]+1,i=251+%,,«_51,v l=0,§,1,1+§,...,1<+—,[(.

If (|u;’+%]k| + |V;fk+% At < 8y and 8At < max{yLAx2, y1Ay?, yo Ax?, vy Ay?}, by using
the same approaches as the proof of the convergence and local stability of the FD equa-
tions of the non-stationary Navier-Stokes equation in [2], it is not difficult to prove the
convergence and local stability for the FD equations (2)-(5). We conclude with the follow-
ing result, whose proof is provided in the Appendix.
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Theorem 1 The classical FD scheme (1)-(4) with fully second-order accuracy for NSIBEs
have following error estimates:

1 ’pf/<) ”

2

=0(A2, A%, Ay?), n=1,2,...,N, (6)

n M n
|| (M(xlur%;yk, tn)r V(x]'rykJr% ) tn)r T(xj,y/”% ) tn))p(xjrykr tn)) - (uj+%,/<’ vj,k+%, I},kJr

where || - || denotes usual norm of vector.

If only the Reynolds number Re; the Prandtl number Pr; the boundary value functions
©u(%, 9, 1), 9, (%, 9, £), and @7(x, ¥, t); the initial value functions #°(x, y), v*(x,y), and T°(x, y),
and the time step increment Az and the spatial step increments Ax and Ay are given,

by solving the FD schemes (2)-(5), we can obtain the classical FD solutions u;’+1 o v;‘k+ L
k" kg

7;,"k+1,andp;‘k (0<j<J,0<k<K,1<n<N)ofProblem L.
1 2 7
n _ n n o _ h n _ n o Vi 7 - : 7 —
Put u] —uj+%’k, v —vj'h%, T' = ijk%,andpi =Pk (i=k+j+1,1<i<m, m=JK,

0<j<J-1,0 <k <K -1), respectively. We may choose the first L group of solutions to
construct a set {u}, v}, T/, pl}t | (1 <i <m, L < N) including L x m elements from the set
{ul V!, TP p"Y, (1 <i < m) including N x m elements, which are known as snapshots.

3 POD-based reduced-order FD extrapolating model
In this section, we use snapshots extracted from the first fewer numerical solutions of
the classical FD schemes (2)-(5) to reconstruct orthonormal POD bases and establish the
POD-based reduced-order FD extrapolating model with fully second-order accuracy and
lower dimensions.

The sets of snapshots {uf, vf, Tf, pf 1L=1 (1 <i < m)in Section 2 can constitute four m x L
matrices Ag = (sﬁ)mx L (s=u,v,p, T) denoted by

1 2 L

s s7 P S

1 2 L

S5 5 . 5

A= .
1 2 L

Sy Sy e S,

Since the order m for matrices A;AT is far larger than the order L for matrices AT A, how-
ever, their positive eigenvalues are identical, therefore, we may first solve the eigenequa-
tion corresponding to matrices AST A; to find the eigenvalues Ag > A > -+ > Agig, > 0
(M; = rank A;) and the corresponding eigenvectors @, and then by the relationship

¢Sj = As(ﬂsj/\/)\,s‘, j= 1,2,...,1\715,3 =u,v,p, T,

we may obtain the eigenvectors ¢; (j = 1,2,...,Ms, s = u,v,p, T) corresponding to the
nonzero eigenvalues for the matrix A;A7.

Taking the first M; (0 < M, < M; < L) columns from four eigenmatrices U; = (¢4, b,
-+ > @), we construct the four orthonormal POD basis functions (see [17]) ®; = (¢, @,»,

@) 5=u,v,p, T).

Write

n

s’ = (sf,sg,...,s”)T, n=12,...,N,s=u,v,p, T. (7)

m m
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Then we have the following error estimates (see [17]):
Ist, — @@L, || < VAsossry, 1=12,...,Ls=uv,p,T. (8)
Thus, (2)-(5) are written as the following vector scheme:

n+l _n+l n+l 1\ T
(um ’vm ’Tm »Pm )

= (Wi ve T pr ) B, v, T pL), n=12,.. N -1, )

m

where F is determined from (2)-(5). Put

T T
*n L3/ *n kN — n n n n
(wo v, Tt pet) " = (@uctly,, 0B, P85, <I>peMp) , (10)
T T T
where w7 = (uj”,ul", ..., ul)", Vi = (vt T = (T, TS, .., TR0, and
P, =" Py ... p’y‘””)T are four column vectors corresponding to u, v, T, and p, respec-

tively. If u, v/, T , and p;, in (9) are approximately replaced with w”, v, T*", and p}’
in (10) (n = 0,1,2,...,N), by noting that four matrices ®,, ®,, ®r, and ®, are formed
with the orthonormal vectors, the POD-based reduced-order FD extrapolating model
with fully second-order accuracy for Problem I, which includes only M, + M, + M7 + M,
M, M, M7,M, < L < m)unknown values on each time level and has no repeating com-
putations, is denoted by

n o _ T..n n o _ T .n n _ Trn
oy =P, u By, =@,V Oy, = 27T,

u - m’ v m’

n _ &L .
eMp—<I>ppm, l1<n<lL

n+l gn+l gn+l _n+l\T _ n-1 gn-1 ¢n-1 _n-1\T T T T T
(“Mu’ﬂMV"SMT’éMp) = (aMu’ﬁMV"sMT’GMp) + (‘I’w‘l’w‘l’r’ ‘I’p)

x (@0}, @B}, @785, ®pen,), L<n<N-1 (12)

If e}y, » Bis,» 8> and €} are obtained from (11) and (12), the solutions for the POD-

based reduced-order FD extrapolating model are given by

ll:;:q = <I>,4a,"v[u, V;knn = QVﬂX/IV, TZI = @TSX/IT,
(13)
pfn”:<1>peMp, n=12,...,N.

Further, the component forms of the solutions for the POD-based reduced-order FD ex-

1 kN1 —_ k1 kK —_ kH kK —_ k1 kN __ L33
trapolating model are denoted by uj%,k =u!”, vj,k% = v, Tj}k% = T7", and ik =D;

0<j<J-1,0<k<K-1i=k(J+1)+j+1,1<i<m=K)]).

Remark 1 Since the classical FD schemes (2)-(5) on each time level include 4 unknown
quantities, while the system of equations (11)-(13) on each time level (when # > L) only in-
cludes M, + M, + Mt + M, unknown quantities (M, M,, M1,M, < L < m, for example,
in Section 5, L = 20, M, = M, = My =M, = 6, but m = 10%), so the system of equations
(11)-(13) is the POD-based reduced-order FD extrapolating model with very few degrees
of freedom but without repeating computations and is completely different from exist-
ing POD-based reduced-order models (for example, see [17-26]). Though we draw the
snapshots from the first L classical FD solutions with fully second-order accuracy in this
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article, in fact, if one computes actual problems, one may obtain the ensemble of snapshots
by drawing samples from experiments of physical system trajectories.

4 Error analysis and algorithm implementation for the POD-based
reduced-order FD extrapolating algorithm

In this section, the error estimates of the solutions of the POD-based reduced-order FD

extrapolating model are first provided for guidance to choose the number of POD basis

functions and renew the POD basis, and then the algorithm implementation for the POD-

based reduced-order FD extrapolating model is given.

4.1 Error estimates and criterion of renewing POD basis

It is obvious that when n =L +1,L + 2,...,N, by (13), (12) can be written as the following
form like (1)-(4):

*n+1 *n+l *1+1 *kn+1
Wik "%l Viked TVikol
2 2”1 2 -0, (14)
Ax Ay
2At
*n+l kM1 kN
Wil ™ ”1+ 2 T Ax (Bx —2j%), (15)
2At
s+l _ *n 1 *1 *1 kN kI
Vj,k+% - 1k+1 + 2G] k+ Ax (p/'»]”l pj,k) + AtTj,k+%’ (16)
skn+1 kH— 1 *n
T/k+2 - T 3 //+ (17)
where
o Wilgy =2U g F Uy Ly W1 =20 1t 3
F‘+l k = VAt 2 + 2
ASE Ay Ax
At o o At

* *1 1 1 *n
- —u ul —uR) - —v U - U ;
x ]Jr%'k( j+1,k J,k) Ay ]+%,k( 1+%,k+% /*%’k’%),

v, 1 — 2v 1Y Vv,
j-Lk+5 j+1, k+ /,k——
G yAt|: 2 +

- 2v, k+l Vj,k+% *1
1k+

sz Ay?
At At

*n ( *H *1 k11 *n

ny,
" an ke Uiy =)~ By ey Uk = i)
Ax? Ay?

K1
T},k+% )
At At
T

*n *1 *1 *n *H *H1
CAx 1J<+z( JHg ke T/—%Jw%) Ay ke y (Tiia = Tj%).

T*" =27 | + T T | =27
" = E j-Lk+ % Jk+ % j+Lk+ % + 1,k o e+l 3
j,k+% - Y0

It is obvious that the stability condition of (14)-(17) is also (Iu;:”1 kl + IV;‘I’Z+ DAt <8y and
2 k+ 3
8At <max{yTAx%, y LAY, yo Ax?, vo Ay?).
Equations (12) and (13) can also be rewritten as vector form denoted by

s+l xn+l s+l _xn+l T_ *n-1 _ xn—1 wn—-1 _sxn—1\T
(um ’vm T ’pm ) _(um ’vm T ’pm )

+ F(wy, v, T ply), n=LL+1,L+2,..,N. (18)
Lete, = (u”m,vZI,Ti,p"m)T — (@, v T pr T, Subtracting (11) and (13) from (9) yields

e, = (u,v', T2,p")" - (2, 0lu", ®,0]v", &,01T", ®,07p")", 1<n<L (19

Page 7 of 18
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Subtracting (18) from (9) yields
€1 = e, 1+ F(ul, v, T0,ph) — E(w,vit, T plr), L<n<N-L (20)
By (8) and (19), we have the following error estimates:

”en” = \/}“u(Mqul) + \/)W(M‘,H) + \/)\T(MTH) + \/ )Lp(Merl): 1 <n=< L. (21)

Let M = max{At(lu 1k| + |Vk 1|)/(8)/),Atf(|u}’,‘:’lk| + |v]’,"Z+l|)/(8y),8At/min{y71Ax2,
27 mT2
Y IAYE, voAxt, vy Ay }} Based on the stability conditions of (1)-(4) and (14)-(17), we have
M < 1/2. Therefore, from (1)-(4) and (14)-(17), we obtain
less1ll < llen-1ll + ”F(u%,vﬁ,,Tfn,p:‘H) —F( v T*n’Pj;ln)”

< llepall + Mlleqll, L<n<N-1 (22)

Summing (22) from L to n — 1 yields

n-1
leall < llesall+ llecll + MY lleill, L<n<N-1. (23)
i=L

Put &, —le . leill + llez1 || + llez||. Then, from (23), we obtain |le,|| < &, and &, -, =
M||e,_1|| (n > L > 2). Thus, we have from (21) that

leql| <& <(M+1)&, 1 <(M+1)*6, < <(M+1)""

= (M+1)""(llecalla + llecll2)

< 2(M + 1" [V huatg 1) + Vvt 1) + VAT@p1) + Ap,+n)],
L+1<n<N. (24)

Since the absolute value of each component for vector is not more than its norm, by
combining Theorem 1 with (21) and (24), we have the following result.

Theorem 2 Based on the stability conditions (|u;‘+%,k| + |V;fk+%|)At < 8y, (Iu;k:’%,kl +
|VZZ+% DAt < 8y, and 8At < max{y1Ax2, y LAY, yo Ax?, vo Ay} of (1)-(4) and (14)-(17),
the error estimates between the solution for NSIBEs and the solutions obtained from the
POD-based reduced-order FD extrapolating model (11)-(13) are denoted by

*1 {

*1
’u(x]q.%;yk) tn) - M/+%’k| + |V(xjryk+%vtn) - Vj‘kJr%
+ |T(xj;yk+%)tn) T*n 1 | + |p(x]ryk1t ) p]ki

= O(CuM), A, AX*, AY?), 1<n<N, (25)

where C,(M) = \/Au,s1) + v/ vt 11) + /AT + Apa,ey (1< n < L), Cu(M) =
21+ MY Aoy + VAt 1) + Araagay + /pon,] (L+1<n<N), and M =

n 7 -1 *1 *1 -1 : -1 2 .,-1 2
max{(|u],+%’k| + |Vj’k+%|)At)/ /8,(|M],+%,k| + |v],’k+%|)Aty /8,8 At/ min{y T Ax%,y 1 Ay?,

YoAx?, yo Ay}
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Remark 2 The error estimates in Theorem 2 provide guidance for choosing the number
of POD basis functions, namely, we should take M,,, M,, M, and M,, such that m +
Vvt 1) + ATt + gt = O(AE%, Ax?, Ay?). C,(M) (L +1 < n < N) are caused
by extrapolating iteration and may act as the criterion for renewing the POD basis, namely,
if C,(M) > max(Az2, Ax?, Ay?), the old POD basis is substituted with the new POD basis

regenerated from new snapshots.

4.2 Algorithm implementation for the POD-based reduced-order FD

extrapolating model

The algorithm implementation for the POD-based reduced-order FD extrapolating model

(11)-(13) consists of the following five steps.

Step 1. For given the Reynolds number Re, the Prandtl number Pr, boundary value

functions ¢, (x,,t), ,(x,,t), and @r(x,y,1), initial value functions u°(x,y), +°(x, y), and

T%(x,y), the time step increment At, and the spatial step increments Ax and Ay, let

ul(x,y) = u®(x,9), V'(x, ) = °(x,y), and T'(x,y) = T°(x,y), solving the following classical

FD scheme, forn=1,2,...,L:

F', =yAt
b=V

Mj+%,k—l - 2Mj+%,k + Mj+%,k+1
j+

Ay?
At At

. — . . n
u}—%,k 2u]+%,k + u/+%,k
Ax?

n n
- —Uu, U —U; - —V, u. —Uu. ’
Ax 1+%,k( j+Lk J'k) Ay 1+%,k( }+%,k+% 1+%,k—%)’

n _
G},}k% =y At

Victked ~ 2Vj,k+% Vit ke
Ax?

At

n 1

2

. _ . . n
N Vik-14 2V1,k+% + V/,k+%]

Ay?
At

n n n n\.
Ax uj,k+% (Vj+%,k+é Vj—l,k+%) Ayv/,k+% (V/:k“ Vjvk)’

n _ n n n _ n n

A Ly =2 v ey Ty 2T+ Ths

A +

jok+5 Y0 Ax2 Ay2

At At
n n n M n n
Ax Mj,k+% (T}+%,k+% T;‘—%,k-*—%) Ayvj,k+% (T}:k*'l T}:k)’
n n n n n n
P2 i T 1Y B V8 B AUTS 1~ Ty
AtAx AtAy ’
i1k —2Djk + Pj ik-1—2Pjk + P "
Dj-1k — 2Pjk * Pj+1k + Pjk-1 = 2Pjk * Pjk+1 | R
- )
Ax? Ay?
2At

n+l _ _n-1 n _ n _

”/+%,k - Mj+%,k + 2F,‘+%,k Ax (p1+1,/< p,,k),
2At

n+l  _ on-1 n _ 7 _ n

Vikey =ik} T 20001 T A (P =7i) + ATy

n+l Tn—l

! +H"
jk+d T Tjked jk+ 3

yields L (with usually L = 20) groups of classical FD solutions u”

Vs n M
v T and p’
LK ke T ks’ Pjk

(0<j<J,0<k<K,1<n<L), further, constructing a set of snapshots {uf,vf, Til,pf}lL=1

(1 <i < m) with L x m elements (for actual engineering problems, the ensemble of snap-

shots is obtained from physical system trajectories by drawing samples from experiments),

where u” = u”" V!
i i+ ok jk+g? i j

0<j<J-1,0 <k <K -1), respectively.

no_
’Vi_

T.”=T"k+l,andp:‘=pl’fk(i:k]+j+1,1§i§m,m=][(,
’ 2
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Step 2. Form the snapshot matrices A; = (sf)me (s = u,v, T,p) and solve the linear
systems of equations (ASTAS — Adp)eo, = 0 obtaining the eigenvalues Ag > Ay > -+ >
Agir, >0 (M = rank Ay, s = u,v, T, p) and corresponding eigenvectors e (=12, ., M,
s=u,v, T,p).

Step 3. For the error u = O(At?, Ax?, Ay?) needed, determine the numbers M, (M, <
M, s = u,v, T, p) of POD basis functions such that VA1) + /A1) + AT +
VApa,+1) < 14, and construct the POD basis @ = (@, @, ..., dur,) (Where ¢; = As;/
VA j=12,..., My, s=u,v,T,p).

Step 4. Write w”, = (u},uf,...,u’)T, v" = Vi, vh,...,v)T, 0 = (T7, Ty, ..., T")T, and
P =@ ps,....p")T (0 < n < N). Solve the following POD-based reduced-order FD ex-
trapolating model with fully second-order accuracy:

n o _ T..n n o _ T, n n _ Trn n  _ TN _ .
oy =@, u By, =®,v Oy = 27T, €, =P n=12,....L;

u - m’ v m’
(an+1 n+l 6n+1 6n+1>T_ (an—l n-1 sn—l en—l)T
My’ P M, "My = Mp - My’ P M,y My =My
~ n n n n :
+G(@hy,, B, 00, €h,)» n=LL+1LL+2,..,N;

k1 _ n *1 n kM _
w,' =, , Vo = @By, T, = ®7rdp,,

p, = ®,em,, n=12,...,N,

where G(ax,[u,ﬂfwv,éf’w,e%p) = (@7, o7, @7, <I>Z)Tl-"(<l>uax4u,@Vﬂf’wv,éTSMT,<1>peMp) and

E(.,-,-) is decided by the classical FD equations (2)-(5) writing as vector form, obtain-

ing the reduced-order solution vectors w?” = (u}”, u3", ..., ut")T, vi" = (vi",vi",...,vi")T,
T = (T, T3, ..., T:MT, and pi* = (pi", p3",...,pi")T, further, obtaining the compo-
R AR VI VA O M R Mol o= <j< <k<
nent forms W =W Vi =V TMG% ", andpj'h% pi"(0<j<],0<k=K,
i=k(J+1D)+j+1L,1<i<m=Kj).
Step 5. Put

C [ IAL2 A2 2 2 -1
M:max{SAt/mm{y Ax“, Yy T AYS, Yo AxY, Yo Ay },(|u}’,k:’%yk| + |V;Z+%|)Aty /8}.

If 2(1 + MY [/ Ruater) + /Avaty 1) + /Arugn) + /Apaay] < i (L +1 < n < N), then
W= W ud . ui) T, v = (v, v T T = (T TS, T T, and pit =
@ py,..opT (n = 1,2,...,N) are just solutions satisfying accuracy needed. Else,
namely, if 21+ M)" " [\/Auat, 1) + /Aot s1) + V/Arar )+ Apaten] > i (L+1<n < N),
put (h,ub,...,ul) = Wi, ugl,...,wl), Wb, v ) = vl v, (T TS, TL) =
(Tl*l, T;l,..., T;:ll), and (pi,plz,...,pﬁn) = (pi‘l,p’z‘l,...,pfrf (l=n-Ln-L-1,...,n-1), re-

turn to Step 2.

Remark 3 Ifthe classical FD equations (2)-(5) are used to solve NSIBEs, since it includes a
large number of degrees of freedom and the truncation error is accumulated in the compu-
tational process, it may appear to have no convergence after some computing steps; while
if the POD-based reduced-order FD extrapolating model (11)-(13) is used to find the nu-
merical solutions for NSIBEs, since it includes fewer degrees of freedom, it can lessen the
truncation error accumulation in the computational process and continuously simulate

the development of the fluid flow.
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5 A numerical example

In this section, we present a numerical example with a physical model of square cavity
non-stationary flow to validate the feasibility and efficiency of the POD-based reduced-
order FD extrapolating model with fully second-order accuracy.

Let the computational field = (0,1) x (0,1), Re =103, Pr = 0.1, Ax = Ay = 0.01, At =
0.01, u° =1° = ¢, = ¢, = 0, and @7 = 0 on Q except that T° = 7 = 2y(1.5 - y) (if x = 1) and
TO = o1 = x (if y = 1) (see Figure 1). We find the numerical solutions (u]f’%’k, Vzl”% ), T:k%’
and p;’k by the classical FD scheme (2)-(5) when #n = 300 (for example, ¢ = 3), which are
depicted graphically on the left charts in Figures 2, 3, and 4, respectively.

When we take L = 20 and use Step 5 in Section 4.2 of the algorithm implemen-
tation for the POD-based reduced-order FD extrapolating model (11)-(13), we obtain
from computing that /A7 + /A7 + VA7 + /Ay < 4 x 107 It is shown that it is
only necessary to choose the first six POD basis functions. But when #n = 201, the er-
ror 2(1 + M) [/ w1y + /Aty + /ATpen) + VA1) exceeds 4 x 1074, and it
is necessary to renew the POD basis once at £ = 2 (n = 200). The reduced-order solu-

tions (", ,v*" "
( j+%,k’ j,k+%)’ s +%

, and p:]’<’+% obtained by the POD reduced-order FD extrapo-

lating model at £ = 3 (n = 300) do not exceed 4 x 10~* and are depicted graphically on
the right charts in Figures 2, 3, and 4. Every two charts in Figures 2, 3, and 4 exhibit a

Pu=@p=0
T=x

<«

<

ou=po=0| pr =0 gr=2y(15~y) | gu=g0 =0

y T

Figure 1 Physics model of the cavity flows.

0,0) {0.0)
Classical Velocity Reduced-order Velocity
0.000 6.6e-6 3.44e-5 2.65e-4 3.46e-4 4.43e-4 556e-4 6.67e-4 0.000 7.22¢-6 4.34¢-6 2252-5 3.62e-4 5.44¢-4 6.28e-4 T.32e-4

Figure 2 Classical FD solution (left chart) and reduced-order FD solution (right chart) of the velocity
U at the time level t = 3 and when Re = 103 and Pr=0.1.



http://www.advancesindifferenceequations.com/content/2014/1/272

Luo Advances in Difference Equations 2014, 2014:272 Page 12 of 18
http://www.advancesindifferenceequations.com/content/2014/1/272

Classical Temperature Reduced-order Temperature
0.000 623e6 2356 1.13e-5 1.11e-d 332e-4 5.38e-4 0000 7.78¢-6 30%e-6 1.32e-5 1.28e-4 4.23e-4 6.85e-4
[ [ -

Figure 3 Classical FD solution (left chart) and reduced-order FD solution (right chart) of the
temperature field T at the time level t = 3 and when Re = 103 and Pr=0.1.

Classical Pressure Reduced-order Pressure
.0.00120 -30e-5 15e-5 6.0s-5 0000105 0000150 0.000175 9.12e-5 -2.68e-5 1.37e-6 3.76e-5 G6.97e-5 0.000102 0.000134

Figure 4 Classical FD solution (left chart) and reduced-order FD solution (right chart) of the pressure
field p at the time level t = 3 and when Re = 103 and Pr = 0.1.

quasi-identical similarity, respectively. The errors of the POD-based reduced-order FD
solutions on the starting time span are slightly larger than those of the classical FD so-
lutions, since the POD-based reduced-order FD extrapolation model on each time level
includes only 24 degrees of freedom and the classical FD scheme has 4 x 10* degrees of
freedom. Namely, the degrees of freedom for the POD-based reduced-order FD extrap-
olation model are far fewer than those for classical FD scheme, so that the POD-based
reduced-order FD extrapolation model could greatly lessen the truncation error accumu-
lation in the computational process. It could also alleviate the calculating load, save time-
consuming of calculations, and improve actual computational accuracy. Therefore, after
some time span, the numerical errors of the POD-based reduced-order FD extrapolation
model are fewer than those of the classical FD scheme (see Figures 5, 6, and 7). In fact,
Figures 5, 6, and 7 show the cases of truncation error accumulation on 0 < ¢ < 6. It has
been shown that the relation errors of classical FD solutions are far larger than those of
reduced-order solutions obtained from the POD-based reduced-order FD extrapolating
model. From the grow trends of relation errors of the classical FD solutions, in the clas-
sical FD scheme with fully second-order accuracy will appear no convergence after some
computing steps, while the error accumulation of the POD-based reduced-order FD ex-
trapolating model is very slow such that it can continuously simulate the development of
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Figure 5 Change charts of relation errors of x1074
reduced-order solution (red) and classical FD 201
solution (green) of the velocity U with Re = 103 [
andPr=0.1on0<t=<6.

classical solution error ==

Relative error

Figure 6 Change charts of relation errors of %1073
reduced-order solution (red) and classical FD 2.0F
solution (green) of the pressure p with Re = 103
andPr=0.1on0 <t <6.

classical solution error e=—=—

Relative error

Figure 7 Change charts of relation errors of %1073
reduced-order solution (red) and classical FD 20
solution (green) of the temperature T with [
Re=103and Pr=0.10n0 <t <6.

15L classical solution error ===

Relative error
=

osf

—=—=reduced-order solution error
0 1 2 3 s 6
Figure 8 Absolute errors for Re = 10° and X107 . . . .
Pr=0.1 when the POD basis is different and at 20 1
the time level t = 3. ]
— |- 4
5 15
L5
s 4
£ Lof P
=]
< T 1
05f U

2 4 6 8 10 12 14 16 18 20
Number of POD basis

the fluid flow. It is also shown that the POD-based reduced-order FD extrapolating model
with fully second-order accuracy is computationally very effective for finding the numer-
ical solutions of NSIBEs.

Figure 8 shows the errors between the classical FD solution and the reduced-order so-
lutions obtained by the POD-based reduced-order FD extrapolating model with different
number of POD basis functions when ¢ = 3, Re = 1,000, and Pr = 0.1. The numerical er-
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rors do not exceed 4 x 10~% if M,,, M,,, Mr, and M, > 6. Thus, the results for the numerical
experiment are consistent with those obtained for the theoretical case.

In addition, if one uses the POD-based reduced-order FD scheme with first-order time
accuracy in [17], it is necessary to take the time step as k = 10~ and implement 30,000
steps in order to obtain the same as accuracy here. Thus, its computing load is by a fac-
tor of 100 times larger than that in this article and its truncation error accumulation in
the computational process is increased greatly; as well we have repeating computations
of the classical FD scheme with first-order time accuracy on [0, £y]. Therefore, the POD-
based reduced-order FD extrapolating model with fully second-order accuracy here is an
improvement and innovation for the existing POD-based reduced-order methods (for ex-
ample, see [17-26]).

6 Conclusions and discussions
In this article, we have established the POD-based reduced-order FD extrapolating model

with second-order time accuracy for NSIBEs and provided the error estimates between
the classical FD solutions and the reduced-order solutions obtained from the POD-based
reduced-order FD extrapolating model for guidance to choose the number of POD basis
functions and renew the POD basis. We have also given the algorithm implementation
for the POD-based reduced-order FD extrapolating model and a numerical experiment to
show that the numerical errors are consistent with those obtained for the theoretical case.

In particular, in this article, we have completely improved the existing POD-based
reduced-order methods (for example, see [17-26]), namely we do only use the first fewer
given classical FD numerical solutions on the very short time span [0, ] ({0 < fn) as
snapshots to construct the POD basis and establish the POD-based reduced-order FD ex-
trapolating model with fully second-order accuracy for finding the numerical solutions on
total time span [0, £y]. Thus, we adopt the POD method, being sufficiently advantageous,
namely we utilize the given data (on the very short time span [0, %]) to predict future
physic phenomena (on time span [Zy,ty]). Its idea has very important guiding role if it
is extended to weather forecast. The POD-based reduced-order FD extrapolating model
with fully second-order accuracy and error estimates here are different from those of the
existing POD-based reduced-order methods (for example, see [17-26]). Especially, if one
uses the classical FD schemes (2)-(5) including a large number of degrees of freedom to
solve NSIBEs, there may appear no convergence after some computing steps due to the
truncation error accumulation in the computational process; while if one uses the POD-
based reduced-order FD extrapolating model (11)-(13), due to its fewer degrees of free-
dom, it can reduce the truncation error accumulation in the computational process and
continuously simulate the development of the fluid flow.

Future work in this area will aim to extend the POD reduced-order FD extrapolating
model with fully second-order accuracy, implementing it for a realistic atmosphere quality
forecast system and more complicated PDEs.

Appendix
Proof of Theorem 1 First, by using a Taylor expansion to expand two terms of (1) at the

point (x}, ¥&, £4+1), we have

n+l n+l n+l n+l n+l n+l
u —Uu =Uu —U; U, —U
I T SR ¥ S ¥ SRS Jik -1k

Ax 9u\" 1/ Ax\2[2u\" 1 Ax\3/83u\"
=—\ — + —' —_— "y + —' —_— a3 +
2 \ax ), T2\ 2 ) a2 ), Ta2 ) o),
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Ax (du\" 1/ Ax\?[/02u\"" 1/ Ax\/33u\"!
+—| — - =\ = — +—| = — -
2 \ox /), 2!\ 2 dx? ) 31\ 2 CEST

Ju n+l (Ax)3 831/1 n+l
= Ax| — + — e, (26)
0% ) i 24 \ox’ ),
7+1 n+l  _ _n+l n+1 7n+1 7+1
Viked T Viked T Vil TVik TV TVt
Ay(&v)nﬂ 1 <A_)/>2(82V>n+1 1 (Ay)3(8gv>n+l
=== + == — +—=—= — +
2 \oy/y, "2\ 2 ) \o2 ), "3\ 2 ) (o),
Ay v n+l 1 A_)/ 2 321/ n+l 1 Ay 3 331/ n+l
+ —_— —_— —_— —_— _— + —_ —_— —_— —_ e
2 \ay ), 2\ 2 ) \a2 ), "3\ 2 ) \ap2 ),
9 n+l A 3 83 n+l
= Ay(—v> + (47) (—:) oo (27)
ay ik 24\ 9y ik
Inserting (26) and (27) into (1) yields
|:3v Bv:|”+1 (Ax)? (83u>”+1 (Ay)? (821/)”*1 28)
—_ + JES— — —_— — _— + LICICIN
dy 9y ik 24 \0x*/;, 24 \9y* /i

Thus, the truncation error TE; for (1) approximating g—;‘ + g—; =0is

TE; = O((Ax)%, (A)?). (29)

Second, by using a Taylor expansion to expand all terms of (2) at the point (x;, 1Yk L),
we have
n-1

n+l n-1 _ _n+l _ _n n _
uj+%,k uj+%,k_uj+%,k uj+%,k+uj+%,k u1+%,k

au\" (AL)? [ 3%u\" (AL)? [ Pu\"
= ty — + —_— + — +
ot 2!\ 92 31\ )1y

j+%,k j+%,k
du\" (AD)? [ 3%u\" (AL)? [ Pu\"

+ ALl = T o1 \ g2 t S\ 58 -
ot j+dk 2! ot je bk 3! ot j+k
au\” 2(AL)3 [ 03u\"

=2At| — + ‘ vy oo, (30)
ot je bk 3! at je bk
n n
u, %,k—Zu Lt 3k
_I,n n n n
- [ 3k ”;4%,1(] + [uj—%,k N u;‘+%,k]

au\" (Ax)? [ 3%u\" (Ax)® [ 3u\"
=Ax| — |5z +— |53
0x je bk 2! 0x je bk 3! ox je bk

(Ax)* [ 0%*u\" ou\" (Ax)? [ 3%u\"
A
+ — +o— Ax| — + —
4!\ dx* k 0x 2t \ox? /1y
L,

/+%, j+%,k

(Ax)® [ 33u\" (Ax)* [ 3*u\"
ER PTRR P T
: X js ik : X jekk
2u\" Ax)* (0*u\"
M) +( *) ( u) SRR (31)

= (Ax)?| — - ,
(&) <ax2 12 \oxt

j+ik jik
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n _ 2 n n
“, Lk-1 U Lk + u Lkl

= [u]"l+%,k+l - u]’:%,k] I:u}+1 k uj+%,k—1]

0 Ay)?* (*u\" Ay)?® (BPu\"
o “) G5 )
8y j+3 Lk 2! 3_)/ j+%,k 3! 3_)/ j+% k
(Ay) .
4! ay ey
(5).. ””2@2”)" S,
- Ay A B
ay j+3 Lk 2! ayZ j+%,k 3! ay j

1
j+g.k
(Ay)4 *u
4! By

32 A 4 84 n
:(Ay)z<_b;) +( y) (_Z‘) bee-, (32)
* i 12 N0y 1k
u;l+1xk_ufk [ l+1k /+ k] [M;:%,k_ /yfk]

Ax (du\" 1/ Ax\*/3*u\" 1/ Ax\3/33u\"
o o« T\ ) e EEACWAC i
x j+%,k N x j+%,k . x j+%,k

Ax (du\"” 1/ Ax\*/3%u\"
il eted Y d

2 \0x /1, 21\ 2 x? /).
1(Ax>3(83 )
v 3 -

31\ 2 ox je bk

du\" (Ax)? [ 33u\"
=Ax| — + — e, (33)
ox /) 14 24 \9x® /). 1,
Jt+ 73 »

Jt3

u"
u/+%,k+% ]+ k——

:[M7+l,k+% %t k]+[u7+l,k_u;‘11,k—%]
1R CHNCHIRE CH RO
9y /jix 2\ 2 9y2 jelk B3I\ 2 dy3 jrlk
Ay (du\" v\ [ %u\" 1/ Ay\? [ 3u\"
(8y>1+ P 2'( 2) (a_yz>/+%,k+§<7> (8_3’3>1‘+%k

=A (8” (Ay)? (83_” ’ b (34)
Nay )" 22 a3 ), ’

Jj+ 3.k

P7+1,k—l9;fk:[l7f+1k P+1 k] [P +1k P/k]
A,
2 \ox )y, 2\ 2 ) a2 ),y T\ 2 ) \a ) s
Ax (3p\” 1/ Ax\*(3%p\" 1/ Ax\?[33p\"
' 7(5)/%&_ 5(7) (a_x2>j+%,k+ 5(7> (ﬁ)ﬁ%,k_

9 Ax)? (33p\"
—Ax( p> +ﬂ<—‘z) oo (35)
0x je bk 24\ dx je bk
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Inserting (30)-(35) into (2) yields

du wudu vou Jp 2u  u\]"
—t—t—t — =y — + —
ot dx  dy Ox dxz  3y?

j+%,k
2(A)? [ 3u\" v(Ax)? [ 3*u\" y(Ay)? [ 0*u\"
=— — + —— +— —
30\ ), 12 \awt ), 12 ot ),
S T T S T
24 \ 0w ),y 26 \ 0P )y 24 \0a8 )0,
Therefore, the truncation error TE; for (2) approximating g—: + % + ";’—; = —g—i + y(% +
2N .
gy—;‘)ls
TE, = O((At)%, (Ax), (Ay)?). 37)

Next, using the same approach as in (37), the truncation errors TE3 and TE, for (3) and
(4), respectively, approximating the third and fourth equations for Problem I are given by

TE; = O((A1), (Ax)%, (Ay)?), (38)

TE, = O((At)*, (Ax)*, (Ay)?). (39)

Since (5) is developed from (1), (2), (3), and (4), the numerical solutions for Problem I
obtained from (2), (3), (4), and (5) have the following errors:

|| (M(x”%,yk, tn)r V(x/,yh% ’ tn)r T(xj,y/”% ’ tn):p(xj:yk; tn)) - (u;:%,k’ V;ijr%; 77“%;}92/() ||

=0(A, A%*, AY?), n=12,...,N, (40)

which completes the proof of Theorem 1. d
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