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1. INTRODUCTION

Modern chemical plants operate near quality, safety,
and economic limits, requiring advanced control. Model
Predictive Control (MPC) is the industry standard because
it predicts future behavior, optimizes moves, and handles
receding-horizon
optimization, making it ideal for constrained multivariable

constraints directly [1], [2]. via

processes [1]-[4].

However, MPC performance is not automatic. It depends
critically on prediction horizon N,, control horizon N,
output weights @, and input move weights R. Aggressive
settings (larger Q, shorter horizons, smaller R) give faster
tracking but higher input activity; conservative settings do
the opposite. Thus MPC tuning is inherently multi-

objective [5].

Formulating tuning as multi-objective optimization
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accuracy and control effort smoothness. This paper presents a systematic, multi-
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tuning problem is formulated as a bi-objective optimization, minimizing both output
tracking error and input movement. A Multi-Objective Particle Swarm Optimization
(MOPSO) algorithm is employed to efficiently explore the tuning parameter space
and generate a Pareto front, representing the optimal trade-off between the two
objectives. A knee-point selection method is then used to extract a single, balanced
controller design from the Pareto-optimal set. The proposed methodology is
demonstrated and validated on the classic Wood-Berry binary distillation column
benchmark. Simulation results clearly illustrate the trade-off, showing that the
selected knee-point controller achieves a favorable compromise, offering a
significant reduction in control effort with only a minor sacrifice in tracking
performance compared to the aggressive tuning extreme.

However, moving from a Pareto set to one
implementable controller is often overlooked [11]. A
widely accepted remedy is to prefer knee points —
solutions where improving one objective severely worsens
the other — representing a balanced compromise [12],
[13]. This paper addresses that gap by coupling automatic
knee-point selection to MPC tuning: we auto-tune offset-
free MPC for a MIMO process via bi-objective formulation
(tracking vs. actuation) and extract a balanced "knee"
design. We adopt the Wood-Berry binary distillation
column, a classic 2x2 benchmark with strong interactions
and delays [14], [15].

The remainder of the paper is organized as follows.
Section 2 presents the Wood-Berry process model. Section
3 details the bi-objective formulation, offset-free MPC
structure, MOPSO procedure, and knee-point selection.
Section 4 reports simulation results. Section 5 concludes.

(MOO) makes the trade-off explicit, returning a Pareto set

from which an engineer can select a balanced point (e.g., a
"knee"). Metaheuristics like Genetic Algorithms and

2. PROCESS MODEL:
COLUMN

WOOD-BERRY DISTILLATION

Particle Swarm Optimization (PSO) efficiently explore the

design space [6]-[10], [22].

This section presents the process considered in our study
and the dynamic model used for controller design. We first
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summarize the Wood-Berry pilot-scale binary distillation
column, then give the continuous-time transfer-function
model (first order plus time delay per path) with the
canonical parameters commonly adopted for this
benchmark.

2.1 Process Description

We consider the pilot-scale binary distillation column of
Wood and Berry, whose terminal compositions—
overhead x, and bottoms x —are regulated by
manipulating reflux flow and steam (reboiler) flow,
respectively. The plant was interfaced to an IBM 1800
digital computer; control calculations were performed at
2.5-min intervals, in line with the gas-chromatograph
analysis cycle.

The column is 9 in in diameter with 8 trays, tray spacing
12 in, each tray fitted with four 234 X 1% in bubble caps; it
employs a total condenser and a basket reboiler. A
schematic and instrumentation overview are provided in
Appendix A of the original paper, which also lists typical
steady-state operating conditions (Table A1).

Overhead
Comp. Xp

Reflux u; é}

Feed |

Steam u,

T e e

Bottoms
Comp. Xg

Figure 1. Wood-Berry distillation column schematic.
Manipulated variables: reflux u, (top valve) and steam u,
(bottom valve); controlled outputs: overhead composition xp
and bottoms composition xg. Solid lines indicate process flows;
dashed lines indicate supervisory-control links.

2.2 Dynamic Model (Continuous Time)

Wood and Berry established the column dynamics by
on-line pulse testing, fitting first-order-plus-time-delay
(FOPDT) transfer functions to each input-output path
[14]. Time delays were estimated visually; gains and time
constants were determined via least-squares using
Rosenbrock’s direct search. Average parameter values
over multiple tests were then used to specify a simplified
model for control design.

With manipulated inputs u = [u; u,]" (reflux, steam)
and outputs y = [y; y,]" (xp, xp), the 2x2 transfer-

function matrix (units in minutes) is taken in the widely
adopted canonical Wood-Berry parameterization:

_ G11(s)  G12(s) _

6(s) = Ga2(s)  Gpa(s) B

[12.86‘1'05 —18.96‘3'05] )

16.7s + 1 21.0s+1
6.6e-79  —19.4¢-305|
109s +1 14.4s+1

These path-wise FOPDT parameters (K,t,0) are
consistent with Wood-Berry’s pulse-test identification
methodology and the simplified model they employed for
controller synthesis, and they are the standard values used
in subsequent benchmark studies and implementations.

Table 1. Canonical Wood-Berry FOPDT parameters

Path Input — Output K T (7]

G,1(s) Reflux - Overhead xp 12.8 16.7 1.0
G,,(s) Steam — Overheadx, —189 21.0 3.0
G,1(s) Reflux - Bottoms xg 6.6 109 7.0
—-194 144 3.0

Notes: (i) K is the steady-state gain, 7 is the time constant, and 6 is the
time delay. (ii) Negative gains indicate counter-directional effects of
manipulations. (iii) Values are given in minutes and correspond to the
simplified dynamic model identified by Wood & Berry. Notation. Inputs
u, (reflux), u, (steam); outputs y; = x;, (overhead composition), y, =
xg (bottoms composition).

G,,(s) Steam — Bottoms xp

Units conform to the original study’s reporting: flows in
Ib/min and compositions in wt.% methanol (see Table A1
in Wood-Berry) [14].

Table 2. Variables and units (as used in the original study)

Symbol Description Unit
Uy Reflux flow (manipulated) 1b/min
U, Steam flow (manipulated) 1b/min
y; = xp Overhead composition wt.% MeOH
y, = xg Bottoms composition wt.% MeOH
t Time min

(Units and nomenclature consistent with the experimental appendix and
operating table in Wood-Berry.) [14]

2.3 Discrete-Time State-Space Realization (Zero-Order
Hold with Input Delays)

For digital control design we adopt a zero-order-hold
(ZOH) discretization of each first-order lag and realize the
input delays as integer sample lags via per-input shift
registers. Let T, denote the sampling period; for
definiteness we take Ty, = 1 min so that the canonical
delays map to integers (1, 3, 7, 3). A single FOPDT path

Kij e_eijs
- ()
Tl'js +1

27

Gij(s) =
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discretizes under ZOH to the scalar recursion

xijlk + 11 = ax;[k] + byjvilk],

(3
vilk] = ui[k_dij]'
with
_TIs
ai]- = e Tij,
_TIs
bij = K” (1 — e Tif>, (4)
0;;
dij = =2 € L.
ij Ts =0

With T, = 1 min and the parameters of Table 1, the
numerical coefficients are

a;, = 09418773, b, = 0.7439702, dy; =1,
a;, = 09534970, b,, = —0.8789076, d,, =3,
ay, = 09123395, by, = 0.5785594, dpy =7,
ay, = 09329120, by, = —1.3015080, d,, = 3.

Stacking the four first-order path states and the delay-line
states yields a discrete-time, linear time-invariant model

41 = Agq X + By uy,

Yi = Cqaxp + Dg uy,

(5)
. [ul[k] e = yl[k]]
, Uy (k1) § Y2 (k]
We define the state vector
X = [X11, X125 X21, X322, W1(1)' ---'W1(7)' Wz(l)' Wz(Z)' Wz(g)]T'
(6)
where W{Sq) is the g-th element of the input-£ delay line,

updated by

we Tk + 1] = w[k],
@D+ 1] = wDk] (g > 1 7
W, [+]—Wg[] (@ = 1.
With this ordering, the output and feedthrough matrices
are

1 1 0 0 05

Ca=1lo 0 1 1 0.,

Dy = 03, (8)

since y; = x;1 + X1, and y, = x,; + x5, . Let S; and S
denote the (7 X 7) and (3 X 3) shift matrices with ones on
the subdiagonal and zeros elsewhere. The state-transition
matrix has the block form

diag(a,1, a2, az1, azz) Aux7y  Awxz)
Ag = 0754 S; 0743 |, (9)
0354 037 S3

where the only nonzero entries of the coupling blocks
select the appropriate taps from the delay lines,

A(4x7)(1,1) = by, A(4x7)(3'7) = byy; (10)
A(4><3)(2'3) = by, A(4x3)(4"3) = by,

numerically 0.7439702, 0.5785594, —0.8789076, and
—1.3015080, respectively. The input matrix injects the
current inputs at the heads of the delay lines,

04-)(2
1 0
00 so that
Ba=1o 0 ’ Wl(l)[k +1] = k], (11)
0
0 o wPlk + 1] = u, [K].
0 ol

and the shift submatrices S, S; propagate older
samples. This ZOH-plus-delay realization is algebraically
equivalent to the continuous-time FOPDT model with
input delays and follows the conventions used in Wood-
Berry-based implementations.

3. MULTI-OBJECTIVE TUNING OF MPC VIA PSO

We formulate MPC tuning as a bi-objective optimization
problem, then solve it using Multi-Objective Particle
Swarm Optimization (MOPSO) and extract a single
balanced controller via knee-point selection.

3.1 Problem Formulation

Consider the discrete-time augmented plant (offset-free
predictor) [3]

Zgrr = Aq 2 + By Uy,

(12)

Yi = Cq Z + Dg Uy,

with augmented state z,. The MPC policy is parameterized
by 6 = (Np, N, Q, R). For a given 0, closed-loop simulation
over horizon T yields outputs y, (8) and inputs u; (8). We
define two conflicting objectives:

e Tracking error (ISE):

T-1

18 = ) l1y®) =il
k=0

T-1 N (13)
= D 00 = )W, (3 (8) ~ ),
k=0
e Actuation effort (ISU):
T-1
120) = ) 18u(8) =i,
k=0
- . (14)
= > (a0 = w1 (0)) Wi (e 6)

k=0
— Uk (9)),

28
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The bi-objective tuning problem is

reneig (]1 @), J, (9))

. (15)
subjectto  (12)—(13)

where minimization is in the Pareto
sense. 8% dominates 6? if J;(6%) < J;(?) for i = 1,2 and
at least one strict [20]. The Pareto set P* contains all non-
dominated designs.

3.2 Offset-Free MPC Structure

We adopt an offset-free formulation with output
disturbance augmentation [18], [19]. The nominal plant is
Xi+1 = AgXy + By, Vi = Caxy + Dguy,  (16)

Appending a disturbance state 7, gives the augmented
predictor

1= 12] =[] 7)
Co= [Cd IP]: D, =Dy
and augmented state z, = [x] nf]T
Y = P,z + Ugt_q + S,4U, (18)
with AU = [Auy - Aug,y__4]". The MPC cost is
Jmpc(AU;0) = (Y —=R)TQ(8)(Y — R) (19)

+ AUTR(0)AU

leading to the condensed QP

1
EAUTH(H)AU + f(8, zy, ux_1, R)TAU + const,  (20)

H(0) = 2(5;Q(0)S, + R(9)),

_ 21)
f(6,) =28;Q(0)(Pyzi + Ugugx—1 — R).

The first move u, = uy_4 + [, 0--- 0]JAU" is applied.

Using input increments Au, = u, —uy_;, the lifted
prediction over horizon Ny, is

3.3 Multi-Objective Particle Swarm Optimization

We use MOPSO with P particles [17]. Each particle p has

position 9,5” (design vector) and velocity vIEt). The

algorithm maintains an external archive A® of non-
dominated designs [21].

Velocity update (with constriction factor [22]):

1 ~
5 = o + ) e (07— 6°) + enly)  (22)

JCRY)!

Position update with projection onto ©:
05+ = My (6" + v, (23)

Here é,ﬁf) is the personal best, 5;0 is a leader selected
from A® (e.g, by crowding distance), and Tip T2p are
random vectors. Personal bests are updated using Pareto
dominance: if the new position dominates the old, replace
it; if neither dominates, keep the one with larger crowding
distance [17].

The archive is updated by adding all current positions
and filtering for non-dominance. If size exceeds capacity,
pruning removes points with smallest crowding distance
to preserve front spread [21].

3.4 Knee-Point Selection

After MOPSO terminates, we extract a single balanced
controller from the final archive A [12], [13].
Let JMin and JMaX he the extremes of objective m over A.
Normalize:

]m(g) _J;nnin

e —ggm e mEWwH @8

Jn () =

Let 6 and 6® be the designs minimizing J; and J,,
respectively. Define normalized extreme points z; =
J(oM), z, = J(0@®), chord direction ¢ = (z, — z,)/Il z, —
71 ll,. The perpendicular distance from any 8 € A to the
chord is

d©) = ||, — 6N ©) - 2|, (25)
The knee point is the design with maximum d(8):

gknee ¢ argrane?}fd(e). (26)

If multiple points tie, choose the one with smallest J; +
J, (most balanced). This 6%"¢¢ defines the final controller
used in Section 4.

4. SIMULATION AND RESULTS

We validate the proposed tuning framework on the
Wood-Berry distillation column benchmark. The plant is
the standard 2x2 MIMO system with manipulated
flows (u;’u,) and controlled compositions (y;’y,) ,
discretized at T, = 0.5 min. The evaluation scenario uses a
simultaneous reference step
of +0.30 on y; and +0.20 on y, at t = 5 min, simulated
for 50 min (100 samples). The offset-free MPC uses the
augmented predictor of Section 3.2, with no hard
constraints in the QP.

MOPSO parameters: swarm size P = 40, 40 iterations,
inertia w € [0.9,0.4], ¢; = ¢, = 1.9, archive capacity 300.
The decision vector 6 = {Np,NC, Qy,,Qy,» RAul,RAuz} with
bounds: N, € [5,50] , N, €[530] , Q €[0.1,50] , R€
[1072,1].

The final non-dominated archive contains 299 designs.
The Pareto front (Fig. 2) is smooth and convex,
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with J; (ISE) ranging [0.5500°0.8359] and J, (ISU)
ranging [0.010182.39135] Three representative
controllers are selected: min- A (fast
tracking), knee (balanced), and min- J, (ultra-smooth).
Their parameters and costs are given in Table 3.

Pareto front with knee and representatives

2.5 a i T
N Pareto
‘ N N — — — endpoints chord
| \\ @ minJ | (best tracking
2 I N M knee (balanced)
L N min-J_ (smoothest)
N 2
N
= AN
s <
= N
= AN
=} AN
2]
— N
I 15 N
0 AN N
N
S
0.5 —
AN
- N
N
N
AN
0 | pmnemane 0|
0.55 0.6 0.65 0.7 0.75 0.8 0.85

J L ISE (tracking error)

Figure 2. Pareto front (J;’ J,) with markers for min-J;,
knee, and min-J,.

The knee reduces actuation effort
by 86.7% (J,: 2.3914 — 0.3187) with only a 5.8% increase
in tracking error (J;: 0.5500 — 0.5821) compared to the
fast extreme. Moving to min- J, further
reduces J, by 96.8% but at a 43.6% penalty in J;,
confirming the knee as the best compromise.

‘Wood-Berry — Representative Pareto solutions — Outputs

T 953 Al ———
e}
o
= 952
S
E 95.1 min»J] (best tracking) -
=) knee (balanced trade-off)
ol 95 min»Jz (smoothest actuatiof) |
I [ [ I
0 5 10 15 20 25 30 35 40 45 50
£> - -
~ 07 —— - g
z AV
5 0.65
=
S 06
E min»J] (best tracking)
~ 0.55 " " . 1
m nee (balanced trade-off)
ol 05 min»Jz (smoothest actuatioh) |
' I I I I
0 5 10 15 20 25 30 35 40 45 50

Time (min)
Figure 3. Closed-loop outputs y;, y, (solid) vs.
references (dashed) for the three controllers.

Wood-Berry — Representative Pareto solutions — Inputs
I I I I
= min-JI (best tracking)
‘g§25 knee (balanced trade-off) [~
é min-J2 (smoothest actuation)
— 5 A
® ’ T — I S B = - =
ST YTV
4
1.5
0 5 10 15 20 25 30 35 40 45 50
I T T I
= 2 min-.ll (best tracking)
‘g knee (balanced trade-off)
) min-J (smoothest actuation)
= 1.8 ) A 2 |
o A PN -
> & "" ~— ~v7—» N e
£ 1.6 f v
2
wv)
1.4
0 5 10 15 20 25 30 35 40 45 50
Time (min)

Figure 4. Manipulated inputs u,, u, (top) and
increments Au,, Au, (bottom) for the three controllers.

The fast controller (min- J; ) achieves the fastest
tracking, with settling times of only 1.5 -3.5 min and
negligible overshoot, but at the cost of large input moves
(TVU = 7.15). In contrast, the smooth controller (min-J,)
drastically reduces actuation (TVU = 0.38 ), yet its
responses are markedly slower, with rise times of 5-8 min
and higher integrated error (IAE = 4.24). The knee
controller strikes a practical balance: it cuts control effort
by 86.7% relative to the fast extreme (TVU = 2.44) while
keeping settling times within 9 - 10.5 min and IAE
at 2.88 — a modest 23% increase over the fast design.
These trends are clearly visible in the output and input
trajectories of Figs. 3-4.

The MOPSO optimization converged steadily, with
best-so-far objectives improving rapidly in early iterations
and then leveling off. The final Pareto set is well
distributed across the achievable trade-off, as shown in
Fig. 2. Overall, the proposed framework successfully
generates a clear Pareto front, and the automatic
knee-point selection returns a single balanced controller
without requiring any user-defined weights — making the
tuning process transparent and reproducible.

5. CONCLUSION

This paper presented a systematic multi-objective
framework for automatic tuning of offset-free MPC. The
tuning problem was formulated as a bi-objective
optimization minimizing tracking error and actuation
effort. MOPSO efficiently explored the design space and
generated a Pareto front, and an automatic knee-point
selection method extracted a single balanced controller
without ad-hoc weights.

Table 3. Pareto representatives and costs

Representative Candidate index N, N, Q1 Q, R, R, J1 (ISE)  J, (ISU)
min-J, (fast) 1 24 20 21927 44.157 0.010 0.010 0.5500 2.3914
knee (balanced) 199 34 23 6.154 6.183 0.703 0.644 0.5821 0.3187
min-J, (smooth) 300 40 8 0.100 0.100 1.000 1.000 0.8359 0.01018

Reading guide. Lower ], indicates better tracking; lower J, indicates smoother (less variable) actuation. The knee is identified by the maximum
perpendicular distance to the chord joining the two extremes in normalized (J,,/,) space.

Validation on the Wood-Berry distillation column
benchmark showed that the knee controller reduces
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control effort by 86.7% compared to an aggressive tuning,
with only a 5.8% loss in tracking performance. Future
work includes adding hard constraints, testing robustness
under disturbances, and extending the approach to
larger-scale industrial benchmarks.
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