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Abstract

In this paper, a plant-wide batch modeling framework is developed to capture

and exploit correlation information arising from the structural configuration of a

common batch plant layout. Traditional data-based inferential model building tech-

niques such as partial least squares (PLS) and subspace identification are modified

to allow for the identification of models that capture the correlation structure ex-

isting across the plant. The result is that disturbance information detected in one
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unit of the plant can be explicitly shared with the other related units. The ability

to use such information from other units that may be in simultaneous operation as

well as information from previous batch runs on the same unit can translate into

better control decisions and better overall plant performance. The developed mod-

eling strategy is applied using data generated from simulating a rigorous model of

a typical Nylon 6,6 process.

Introduction

Many batch plants are composed of several units (e.g. reactors, evaporators, etc.) operat-

ing in a series/parallel configuration with the primary goal of producing consistent quality

product despite persistent disturbances occurring in the plant. An interesting aspect of

such plants is that the units often share a common feed source and utility system. As a

direct result, disturbances that occur in the feed stream or in the utility supply for one

unit are likely to impact other units as well. However, the common industrial practice is

to control each unit in the plant independently. The traditional batch control approach

involves the sequential execution of recipe steps and the control of certain process variable

profiles throughout the batch according to the product recipe. Commonly, no attempt

is made to adjust the recipe or other batch conditions until a statistical process control

(SPC) algorithm (e.g. Shewhart, CUSUM, EWMA, etc.) based on off-line product qual-

ity measurements indicates a statistically significant abnormality. In practice, this type

of approach can experience several major difficulties in terms of effectively regulating

product properties, not the least of which is the inefficient use (or even the ignoring of)

correlation that may exist among different but similar units subject to common distur-

bance modes. As a result, independent SPC charts can be slow to detect the problem,

quickly leading to a large amount of off-spec product.

This paper focuses on developing new and modifying existing data-based modeling tech-

niques in order to allow product quality predictions that directly account for the relation-

ships that may exist among various processing units in a multi-unit batch plant. These
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techniques are expected to be very useful for improving overall batch control effective-

ness by providing better information about expected product quality and by providing

this information earlier in the evolution of the batch when it may still be possible to

take effective corrective actions. In the developed approach, this objective is achieved by

constructing control algorithms formulated to make use of measurements from previous

batches as well as measurements from other concurrently running units in the plant-wide

configuration. The added complexity involved in identifying a plantwide model must be

balanced against the importance of more effective quality control decisions. Much of the

discussion and developments that follow will be done in the context of the nylon 6,6 ex-

ample, but the general configuration of the nylon plant is common to many other batch

plants and thus the same general concepts and approach should apply.

Overview of Nylon 6,6 Example

The production of nylon 6,6 involves the polycondensation reaction between hexamethy-

lene diamine (HMD) and adipic acid monomer. The reaction produces water as a byprod-

uct, which must be continuously removed to drive the equilibrium reaction towards com-

pletion. Nylon 6,6 follows the Flory distribution of molecular weights which is heavily

influenced by the extent of the polymerization reaction and the reactive ends balance be-

tween the amines (from HMD) and carboxyls (from adipic acid). The reaction is carried

out in an autoclave reactor such as the one shown in Figure 1. The autoclave is designed

to maintain a predefined pressure profile throughout the reaction sequence by venting the

water produced by the reaction. The heat for reaction and vaporization is delivered from

a utility supply into the jacket surrounding the vessel. In a typical industrial setting, sev-

eral autoclaves are positioned together in a parallel bank configuration fed by an aqueous

salt solution of monomers from a common evaporator, which may vary in both water con-

centration and end group balance. There can be several similar groupings of evaporators

and autoclaves depending on the size of the overall plant. This typical bank configura-

tion, as depicted in Figure 2, allows for the exploration of the effects of correlation that

may exist in time (batch-to-batch) as well as from unit-to-unit (autoclave-to-autoclave in
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parallel and evaporator-to-autoclave in series). The cycle time of the batch evaporator

is roughly one third of the total autoclave cycle time. Therefore each of the three auto-

claves is charged sequentially after each evaporator cycle and thus evolve in a staggered,

cyclical manner. Upon the completion of the reaction in the autoclave, the polymer is

cast, cut into pellets, and transferred directly into a product blender designed to provide

both uniformity and some storage capacity.

For this study it is assumed that each reactor is producing the same product grade and

thus the polymer of each autoclave is blended together to produce the overall final prod-

uct. The quality of the product from each autoclave and the blender outfall is periodically

measured in a laboratory. The two quality variables of interest in this study are the final

amine ends concentration and the average molecular weight, which are not completely

independent and can only be measured with a large amount of uncertainty and delay. It

is important for both quality variables to be maintained at the customers’ specifications

because changes in the end concentration and/or the average molecular weight can dra-

matically change the polymer’s ability to accept dye in a fiber application or be further

processed.

The most common challenges to the production of polymer at consistent quality levels

are the changes that occur in the feed composition, utility quality, and individual reactor

behavior such as heat transfer surface fouling. Many of the difficulties for controlling

an individual autoclave were discussed by Russell et al. (1998a), who considered several

different control strategies for rejecting typical disturbances. However, the behavior of the

disturbances in the multi-unit plant configuration depicted in Figure 2 takes on a more

complex nature and has not yet been explored.

An interesting implication of this particular industrial configuration is how disturbances

propagate through the plant. When disturbances occur either in the HMD and adipic

acid salt feed precursor or in the operation of the evaporator itself, they propagate to

the individual autoclaves in a sequential manner. Thus, significant dynamic correlation

can exist in the various autoclaves in the bank due to changes in the feed and operating

performance of the evaporator. This can lead to significant drifts in the product quality
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in all the individual autoclaves and in the blender.

Because of size limitations, the blender can only be effective in reducing relatively short-

term, random variability of the polymer properties, which are the result of high frequency

disturbances. The blender is ineffective in reducing long term drifts in the product qual-

ity, which are the result of lower frequency disturbances that are commonly experienced.

As a direct result, variations that are correlated across the parallel reactor units can have

a strong impact on the performance of the product blender and the product uniformity

experienced by the customer. Existing control strategies composed of automatic process

control of individual autoclaves and SPC of product properties do not adequately comple-

ment the blender’s ability to filter out the higher frequency changes and relative inability

to reduce low frequency variations.

Traditional SPC methods as practiced in industry are ill-suited to properly deal with the

nature of the plant and associated disturbance modes described in this paper. In general,

these methods are, by design, too sluggish to effectively regulate performance on the

basis of laboratory quality measurements that are infrequent, delayed, relatively noisy,

and exhibit both auto and cross-correlation components. As an illustration, consider a

situation where a typical SPC algorithm does not detect a drift in the product quality

until 7 batches have passed due to a combination of conservative bounds (for a low false

alarm rate at the given noise level) and the delay of the quality measurement process (and

potentially sampling rate as well). If the particular disturbance has occurred as a result of

a step change in the concentration of salt charged to the reactors, then roughly 21 batches

of off-spec product from all three autoclaves will result before a control change is signaled

for each of the individual reactors. However, if the connection of the reactors in the plant-

wide scheme can be directly considered, a much faster detection may be possible. For

example, if the detection scheme required measurements of 7 separate batches regardless

of which autoclaves they came from, it would have resulted in only seven batches of

off-spec product.
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Inferential Modeling Methods

The main difficulty in making control moves in a batch plant is caused by the measure-

ments of controlled quality variables becoming available only well after the completion of

the batch. An attractive solution is to build data-based detection or quality prediction

models with available on-line measurements that correlate well with the off-line quality

variables. For the nylon 6,6 example considered here, there are several on-line measure-

ments that correlate well with the final polymer properties: The temperature history of

the batch as well as the vent rate from the process are good indicators for the extent of the

reaction and thus of the final polymer properties. In (Russell et al., 2000), it was proposed

to use the available on-line measurements to predict the quality variables by designing an

Extended Kalman Filter (EKF) based on a fundamental model of the autoclave. Others

have proposed identifying data-based models of the process to infer the product quality

or monitor the on-line measurements’ space. Nomikos and MacGregor (1995) used real

industrial data to demonstrate how the Partial Least Squares (PLS) method can be used

for this purpose. The data-based approach is more realistic in practice because of the

considerable time and effort often needed to develop an accurate fundamental model of

the process in real industrial situations.

One shortcoming of the previous applications of the multivariate statistical methods is

that they do not attempt to use information from previous batches or from surrounding

units that make up the plant in predicting the product quality of an on-going batch. They

also require, at least in principle, that full measurements from an entire batch be available

for prediction, even though ways to deal with the missing measurements for a mid-course

prediction have been proposed and evaluated. In order to control an on-going batch suc-

cessfully, however, accurate predictions of the quality variables are usually required early

in the batch. This can be difficult since at the start of a batch only a few measurements

would have been collected. If each batch is treated independently, the control of an on-

going batch can be fundamentally limited by the lack of measurements and batch-to-batch

control may be the only feasible option. For some applications, batch-to-batch control is

all that is practical because it is often difficult to adjust batch recipe parameters once the
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batch has been initialized. However, batch-to-batch control is very limiting in general be-

cause random batch-to-batch variations cannot be elimated and opportunities to change

the remaining recipe at some midpoint of a batch are neglected. Also, an indication of

a quality problem early in the batch can also be useful for a potential product release or

segregation decision on the basis protecting downstream units or customers.

The fact that the amount of measurements are limited in the initial phase of the batch,

however, does not mean that accurate early predictions cannot be made at all; one may be

able to complement on-line measurements with the information gathered from other run-

ning batches or from previous batch runs, if there exist strong correlations. For example,

in the nylon 6,6 industrial example highlighted earlier, the operation of each autoclave in

the bank is staggered by the cycle time of the evaporator. So at the start of one auto-

clave’s cycle, the two other autoclaves are well into their production. Measurements from

these other running autoclaves can be valuable since they may indicate that a significant

change in the feed quality has occurred to raise concerns for the current reactor. Devel-

opment of modeling and control methods that support such plantwide control decisions

is the objective of this paper.

Model Development: PLS Approach

The two techniques considered for developing quality prediction models in this paper

are the PLS method (Wise and Gallagher, 1999) and the subspace identification method

(Van Overschee and De Moor, 1994; Dorsey and Lee, 2003). In this section we explore

how the PLS method may be used to develop models that capture dynamic correlations

among various operational units in the plant. To help understand the modeling approach

in the multi-batch plant’s context, we first discuss the method in the context of a single

batch reactor.
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Single Reactor Case

A single batch reactor’s process data can be represented by a three dimensional data

array containing the different process variables (index = 1, · · · , L) sampled across both

the batch dimension (index = 1, · · · , K) and time dimension (index = 1, · · · ,M) as de-

picted in Figure 3. Let X (K × L×M) represent this three dimensional data array. The

application of the PLS method to the batch data begins by first unfolding this three

dimensional data array into a two dimensional matrix. The typical choice for unfolding

this array is to preserve the batch dimension and rearrange each resulting batch slice by

collapsing the “within-batch” dimensions (L and M). This unfolding process creates a

large data matrix X(K × LM) whose columns contain the batch-to-batch history of a

certain variable at a certain sample point within the batch. Each row of this matrix is

the “lifted” measurement vector for each batch, which contains all of the measurements

of batch k ordered in time and will be denoted by YT
k .

YT
k =

[

y(1)Tk y(2)Tk · · · y(M)Tk

]

(1)

The off-line end quality measurement vectors qk are then collected in a similar manner

in the matrix Q. For the application of the PLS algorithm, the columns of X and Q are

first mean-centered and scaled to unit variance. The PLS algorithm is then applied, the

result of which can be expressed as the following linear relationship between the lifted

batch vector and offline quality measurements:

q̂k = BTYk (2)

The above can be used to predict the batch quality variables qk based on a new observa-

tion of the lifted measurement vector Yk. Here, B is obtained from the matrices of the

weighting vectors W , the loading vectors P , and the scores T from the PLS algorithm

along with the original Y block of data used in model building (Wise and Gallagher, 1999):

B = W (P TW )−1(T TT )−1T TY (3)

One difficulty in using the PLS model for quality prediction is that the full data for

Y need to be collected before the prediction can be made. If a batch-to-batch control
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scheme is implemented, then all of the process measurements from the previous batch

can be included in Y . However, if some mid-course control adjustment is desired, then Y

can include only the measurements available up to the control time point. Alternatively,

Russell et al. (1998b) demonstrated a recursive formulation that can deliver predictions at

every sample time throughout the batch based on a single PLS model. In the context of

a multi-unit batch plant, we want to develop a model that can allow us to take advantage

of the correlation existing across the different reactors for the prediction. For the nylon

plant, it is the intent here to exploit the particular production sequence of the plant so

that when disturbances pass through the reactors in sequence, measurements from the

reactor experiencing the disturbance first time can be relayed to the other reactors’ control

algorithms for accurate early-phase predictions.

Multiple Reactor Case

This section will cover how PLS can be used to build a prediction model capturing dynamic

correlations among multiple reactors in a parallel configuration. It will be helpful here to

return to the nylon example to explain the application of the PLS modeling approach in

such context. As explained in the Overview of Nylon 6,6 section, the three autoclaves in

the production configuration are served by a single evaporator. Thus, the batch cycles

of the different autoclaves are staggered by the cycle time of the evaporator. When the

plant is operating under nominal conditions, this cycle will be more or less uniform and is

illustrated by the time line in Figure 4. The solid circles in the illustration represent the

start and the end of each autoclave cycle. The tick marks indicate a point in time when

another autoclave in the bank is being charged and its cycle is beginning. The position

of the tick marks for each reactor will be denoted by t1/3, t2/3, and tf . It is desired to

make predictions for each of the autoclaves at these points as well as at the batch’s end to

allow for the adjustment of operating conditions for the next batch. As described above,

it is of interest to take into account the conditions of the other running autoclaves in

the control calculation so that any developing trends seen in the other running reactors

can be compensated for when choosing the operating conditions for the next batch. The
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conventional approach is to develop individual PLS models for each autoclave at each of

the three time points. This would provide predictions at each of the three points in the

production cycle for control adjustment. However, the individual models will not capture

the correlation among the variables of the different reactors in the reactor bank. A model

that captures such correlation can potentially give better predictions, especially during

the initial phase of the batch when information is limited.

To develop such a model with the PLS technique, we make use of a moving window of

process measurements. The darker lines in Figure 4 indicate the window of measurements

that will be used from the reactors to predict the quality variables of the reactors at the

terminal points (indicated by the open circles). Let Y1
T
k ,Y

2T
k , and Y

3T
k be the full lifted

measurement vector from autoclaves 1, 2, and 3 respectively for batch k. Furthermore,

we adopt the notation Y1(1 : t1/3)
T

k
to denote all the measurements up to the end of the

first phase or 1/3 of the total batch length, Y1(1 : t2/3)
T

k
to denote all the measurements

up to the end of the second phase or 2/3 of the total batch length, and accordingly, the

total batch measurements are denoted as Y1(1 : tf )
T

k . There are three possible window

configurations depending on which autoclave has just finished its production. The mea-

surements for the three window configurations will be designated as Y 1
mw, Y

2
mw, and Y 3

mw

with the superscript for the respective autoclave that has just finished. Hence,

Y 1
mw

T

k =
[

Y1(1 : tf )
T

k Y2(1 : t2/3)
T

k
Y3(1 : t1/3)

T

k

]

(4)

Y 2
mw

T

k =
[

Y2(1 : tf )
T

k Y3(1 : t2/3)
T

k
Y1(1 : t1/3)

T

k+1

]

(5)

Y 3
mw

T

k =
[

Y3(1 : tf )
T

k Y1(1 : t2/3)
T

k+1
Y2(1 : t1/3)

T

k+1

]

(6)

In forming the historical data matrix (Xmw), each row is formed by rotating through

these as the production would have proceeded, so that the full measurement vector for

each autoclave is used at least once. Each row in this matrix will act as an independent
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observation of this window as it moves through the various autoclaves.

Xmw =

















Y1(1 : tf )
T

k−K+1 Y2(1 : t2/3)
T

k−K+1
Y3(1 : t1/3)

T

k−K+1

Y2(1 : tf )
T

k−K+1 Y3(1 : t2/3)
T

k−K+1
Y1(1 : t1/3)

T

k−K+2

Y3(1 : tf )
T

k−K+1 Y1(1 : t2/3)
T

k−K+2
Y2(1 : t1/3)

T

k−K+2

Y1(1 : tf )
T

k−K+2 Y2(1 : t2/3)
T

k−K+2
Y3(1 : t1/3)

T

k−K+2
...

...
...

Y1(1 : tf )
T

k Y2(1 : t2/3)
T

k
Y3(1 : t1/3)

T

k

















(7)

Hence, the first lifted vector in each row corresponds to the reactor that has just finished

its production, the second lifted vector of measurements in each row corresponds to the

autoclave that will finish next, which is two-thirds of the way into its production, and

so on. Some of the measurements will repeat from row to row but the relative positions

within the window will have shifted.

The matrix of quality variables is created in the same manner. Let q1k, q
2
k, and q3k

denote the quality measurements for autoclaves 1, 2, and 3, respectively, for batch k.

Then, collecting these quality measurements into the same form of the moving window

used for the on-line measurements gives

Q1mw
T

k =
[

q1
T
k q2

T
k q3

T
k

]

(8)

Q2mw
T

k =
[

q2
T
k q3

T
k q1

T
k+1

]

(9)

Q3mw
T

k =
[

q3
T
k q1

T
k+1 q2

T
k+1

]

(10)

Qmw =

















q1
T
k−K+1 q2

T
k−K+1 q3

T
k−K+1

q2
T
k−K+1 q3

T
k−K+1 q1

T
k−K+2

q3
T
k−K+1 q1

T
k−K+2 q2

T
k−K+2

q1
T
k−K+2 q2

T
k−K+2 q3

T
k−K+2

...
...

...

q1
T
k q2

T
k q3

T
k

















(11)

The PLS model would then be developed based on the historical data matrices Xmw and

Qmw to create a model of the following form.

Qi
mwk = BTY i

mwk (12)
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where B is obtained from the outputs of the PLS algorithm as described earlier. The

model can then used at the end of each batch based on the measurement arranged in the

form of Y i
mw to obtain predictions of the respective quality variables within Qi

mw.

To show the benefit of this proposed formulation, data for 400 batch cycles of the three

reactors were generated by simulating a fundamental model of the nylon autoclave. To

simulate disturbances from the evaporator, changes were introduced across the reactor

bank by changing the feed concentrations of adipic acid and hexamethlydiamine in a

correlated manner. The data from the first 200 cycles were used for the model building

and the remaining data were used to compare the prediction performance. A single

PLS model was built using data from 200 cycles according to the procedure explained

above. In contrast, the conventional approach involved building a total of 9 individual

PLS models for the three time points and the three separate autoclaves. In Figure 5,

the prediction performance of these two methods is compared for autoclave 1 with the

remaining 200 batch data. The comparison shown is for the time point where autoclave

1 is only 1/3 of the way through its production. This means the PLS predictions for

the moving window formulation are based on Y 3
mw, while the PLS predictions shown for

the conventional approach are based only on the measurements in autoclave 1 up to t1/3.

The mean squared error for the prediction of the average molecular weight over the 200

batches shown in Figure 5 was 0.2975 for the conventional multiple PLS model approach

versus 0.0602 for the moving window PLS formulation. Hence, significant improvement in

the quality prediction is achieved by including measurements from the on-going batches

of the other reactors, especially since the prediction is made near the start of the batch

when information is limited.

Note that, for the sake of simplicity, we have not discussed the effect of input (recipe

parameter) manipulations that may be present in the historical data. One can certainly

include them in the PLS model, or if a causal model is available, their effect can be

subtracted out before the PLS model is developed.

12



Model Development: Subspace Identification Approach

A drawback of the PLS approach is that the manipulation of the data needed for devel-

oping the multi-reactor moving window based model can be tedious. Another drawback

is that any correlations that exist along the batch number dimension (i.e., correlations

among successive batches) are ignored. Subspace identification is a technique used to

build a state space model directly from available data from the process. It has been used

primarily for identifying discrete-time process models for continuously run processes. Re-

cently, Dorsey and Lee (2003) showed how the method can be used on batch process

data to derive a model capturing batch-to-batch dynamics or correlations. The main

advantage of having a model capturing batch-to-batch dynamics is that measurements of

previous batches such as delayed laboratory measurements of the quality variables can be

used directly in the model for improved predictions. In this section, we will first review

the application of subspace identification to single reactor process data and then present

extensions to the multiple reactor system studied in this paper.

Single Reactor Case

The model identified through subspace identification is typically in the so called innovation

form of

xk+1 = Axk +KEk

Yk = Cxk + Ek
(13)

where Ek represents the model’s prediction error and is a white noise sequence. In the

continuous process setting, the index k refers to the current sample time. On the other

hand, in the batch process setting, the index k refers to the current batch number. Hence,

the dynamic correlations captured in the identified state space model are those that are

present from batch to batch. Intra-batch dynamics or correlations are captured through

the covariance matrix of Ek, which is typically non-diagonal. As before, we don’t include

the input manipulation effect in the model. One can include their effect in the usual way

if the causal model is given, or include the input parameters changed in the output vector.
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The application of the algorithm to batch process data begins by first defining a lifted

output vector Y containing all the measurements throughout the batch. Letting the

outputs measured throughout the batch be denoted as y and creating the time index

t = 0 · · ·N , Y can be expressed as

YT
k = [y(1)Tk , y(2)

T
k , · · · , y(N)Tk ] (14)

where y(n)Tk refers to the vector of available measurements at sample time point n of the

kth batch. The dimension of such a lifted vector is typically very high and may cause

difficulties in applying the subspace identification algorithm. To address this problem, we

first recognize that variations in the elements of Yk tend to be strongly correlated since the

variations are likely due to a few dominant disturbances, which affect the measurements

altogether. Hence, we can use the Principal Component Analysis (PCA) to compress the

lifted on-line measurement vector to a much lower dimension. Let Y represent the score

vector from applying PCA to data for Y . The quality measurement vector q can then be

appended to this reduced vector. The resulting data containing the compressed online

data and quality data are then differenced with respect to the batch index, in order to

minimize the effect of nonstationary batch-to-batch drifts potentially contained in the

process data. Let us denote the differenced score vector by

∆Y
k
= Y

k
− Y

k−1
(15)

Then, by applying the subspace algorithm to the differenced data, a state space model of

the following form can be identified:

X k+1 = AX k +KEk (16)



∆Y

k

∆qk



 =




CY

Cq



X + Ek (17)

Here the output matrix is split into CY and Cq to correspond to the reduced process

measurement vector and the full quality vector. This model can allow for predictions at

all time points during the batch by rewriting the model in a time based output equation

as demonstrated below. This requires us to create the following augmented form of the
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original model

Zk =
[

Xk Y
k

qk qk−1 Ek

]T

To illustrate the handling of delayed measurements, we have also assumed that the quality

variables are delayed by one batch, and appended the quality measurements from the

previous batch to the state vector. The augmented model form is obtained as

Zk+1 =














A 0 0 0 K

CYA I 0 0 CYK

CqA 0 I 0 CqK

0 0 I 0 0

0 0 0 0 0














︸ ︷︷ ︸

Φ

Zk +














0
[

InY 0
]

[

0 Inq

]

0

I














︸ ︷︷ ︸

ΓE

Ek+1
(18)

here InY and Inq
are used to indicate the identity matrices of dimensions of the reduced

online and full offline measurements respectively. The model can be used in real-time by

creating the following time varying output equation.

ŷk(t) = H(t)Θ(CZk(t|t)
︸ ︷︷ ︸

Ŷ
k
(t)

) + εk(t) (19)

where the residual white noise term ε is added because we have thrown some information

away through PCA. We define C = [ 0 InY 0 0 0 ] such that the current reduced space

vector, Y
k
, is selected from Zk. Also Θ is the matrix containing the PCA loading vectors

and expands the reduced vector to the full measurement space. H(t) is a time-varying

matrix that picks out those measurements that become available at the tth sample time.

This is used together with the batch-to-batch update equation above to form a periodically

time-varying system with period M , which in turn can be used to construct a Kalman

filter and update the state vector based on incoming online measurements yk(t).

Zk(t|t) = Zk(t− 1|t− 1) +K(t) [H(t)ΘCZk(t− 1|t− 1)− yk(t)] ,

t ∈ 1, · · · ,M

Zk+1(0|0) = ΦZk(M |M)

(20)

When offline measurements are available, H(t) should be chosen to include the delayed

quality variables from the state equation. This model form thus allows end product quality
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predictions throughout the batch based on current incoming measurements and previous

batch measurements.

Multiple Reactor Case

Application of the subspace identification method to the multiple parallel reactor configu-

ration we showed earlier is rather straightforward. The state-space model for the multiple

reactor case is created by simply including all of the measurements from the three reac-

tors together in the same output equation. However, the size of the model output that

would result from this procedure would be too high for a direct application of the sub-

space method. Again, to reduce the size of the output equation, one can perform PCA on

measurements from the individual reactors, to reduce the dimension of the output vector

to a more suitable one. Let Y i represent the reduced online measurement vector and Θi

the loading vectors from each autoclave (i = 1, 2, or 3). The lifted vector is formed from

the combined reduced online measurement sets from each reactor.

Y
k
=

[

Y1
T

k
Y2

T

k
Y3

T

k

]T

(21)

The quality measurements from each reactor are also collected as

Qk =
[

q1
T
k q2

T
k q3

T
k

]T

(22)

The state-space model can then be identified based on the differenced form of the reduced

data:

X k+1 = AX k +KEk (23)



∆Y

k

∆Qk



 =




CY

CQ



X k + Ek (24)

The real-time use of the above model presents some challenges since the actual production

of each autoclave is staggered. This requires that the model make a transition to the next

set of batches once autoclave 1 has finished, and that the remaining measurements from

autoclaves 2 and 3 be treated as delayed variables with respect to the model. This
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can be done by appending the complete reduced measurements from the previous batch

index onto the state vector to allow for correction based on incoming measurements. The

augmented model is defined as
















X k+1

Y
k+1

Qk+1

Y
k

Qk

Ek+1

















=

















A 0 0 0 0 K

CYA I 0 0 0 CYK

CQA 0 I 0 0 CQK

0 I 0 0 0 0

0 0 I 0 0 0

0 0 0 0 0 0

















︸ ︷︷ ︸

Φ

















X k

Y
k

Qk

Y
k−1

Qk−1

Ek

















+




















0
[

InY 0
]

[

0 InQ

]

0

0

0

I




















︸ ︷︷ ︸

ΓE

Ek+1

(25)

To use this model for real-time prediction, we first define the time-varying output equa-

tions for the three autoclaves.

y1(t)k = H1(t)Θ1C1Zk (26)

y2(t)k = H2(t)Θ2C2Zk (27)

y3(t)k = H3(t)Θ3C3Zk (28)

Here, Ci is used to extract the reduced measurement sets, Y i (either Y i
k
or Y i

k−1
depending

on whether the kth batch has already started for the ith autoclave), from each autoclave,

Θi projects the reduced vector back to the full batch dimension for each autoclave, and

H i(t) is used to select the vector of current measurements for sample time t from Y i.

This model can be used to formulate the Kalman filter, which can be used for real-time

prediction based on all incoming measurements from the three reactors.
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Batch-to-Batch Control Formulation

For the nylon example, the amount of excess of monomer (HMD) is a potential input,

which can be adjusted only at the start of the batch. The other potential input is the pres-

sure setting in the reactor for the later stage of reaction. The directionality of these input

moves typically requires that they be moved together. Therefore the control approach for

this study will be restricted to batch-to-batch control. Two control formulations will be

considered. In one approach, the control adjustment for each autoclave will be calculated

independently of the conditions of the other running autoclaves. In the other approach,

the conditions of the other autoclaves are taken into account in the control calculation by

using a multi-reactor prediction model and also by including the prediction of the blended

quality in the objective function.

Modeling the Blender

The product blender serves two functions. The first function is to disperse variations

that occur through time during casting of a particular autoclave into the volume of the

blender. The blender also acts to disperse variations across the different autoclaves to

obtain a more uniform product. The blender will be modeled as a first-order low-pass filter

(or continuously stirred tank). The future state of the blended quality can be represented

as a function of the current state of the blender and the properties of the polymer that is

added to the blender.

q̄bk,i = (1− α)qik + αq̄bk,i−1 (29)

Note that this model is identical to the exponential moving average filter. The model

parameter, α, is set according to the average residence time of the blender, i.e., α = e−tB/τ

where tB is a 1/3 of the batch length and τ = V/F where V is the volume of the blender

and F is the average blender charge rate per time. The quality of the product of the

current autoclave, i, to be charged to the blender is designated as qi. The quality of the

blended product output after the charge of the ith batch in the kth cycle is denoted by

q̄bk,i. Note that, for the three batch blender, q̄bk,0 = q̄bk−1,3. This blender model allows for
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control decisions to be made for each autoclave based on the predicted impact on the

final blended product quality. In terms of reducing the final product variability, the low-

pass filer interpretation indicates that the blender is effective at reducing high frequency

variations but has difficulty in blending away sustained drifts or other low frequency

disturbances.

To illustrate the effect of disturbances of different frequencies, we model the changes in

the feed concentrations of adipic acid and HMD from the evaporator as

dj+1 = φdj + εj+1 (30)

where ε is a zero-mean, normally distributed random variable and φ is a parameter used to

adjust the level of correlation in the successive charges and hence the level of correlation

across the parallel autoclaves. For example, φ = 0 is used to simulate the case where

there is no correlation in the feed to the parallel reactors. The resulting product quality

fluctuations for the outputs of the three autoclaves and the blended product for a 100

batch realization of this model is shown in Figure 6. It is assumed that the final product

is shipped in volume of 5 batches and therefore its quality displayed in the figure is

the average of every 5 outputs of the blender equation. Figure 7 shows the same for

an intermediate level of correlation in the feeds across the autoclaves with φ = 0.4. In

Figure 8, a stronger degree of correlation, φ = 0.9, was used to show the predicted impact

on product blending when strong correlations exist across the autoclaves. The results

match our intuition that the blender effectively reduces high frequency variations but are

less effective in reducing slow variations in the product quality. This can be seen by the

more sustained drifts in the blended output in the strongly correlated cases. These drifts

in the product containers could lead to downstream processing problems. Hence, from

the control perspective, it is desired to minimize correlations across the autoclave bank

in order to complement the product blender.
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Traditional Independent Batch-to-Batch Control Approach

One common control approach is to control each reactor independently in the plant-wide

configuration. First, we define the quality control error for batch k as

ek = qk − qr (31)

where qr is the desired or reference quality vector. A common assumption in formulating

a batch-to-batch control law is that any errors that occur in the current batch will repeat

in the next batch. Let us assume the effect of control adjustments on the product quality

is described as

∆qk = D∆Uk (32)

We can then express the predicted quality deviation for the next batch as

ek+1|k = ek −D∆Uk+1 (33)

which states that quality errors will repeat in the next run unless control action, ∆U , is

prescribed. Using a standard quadratic criterion of

min
∆Uk+1

eTk+1|kQek+1|k +∆UT
k+1R∆Uk+1 (34)

one can calculate the desired input change, ∆Uk+1, based on predictions of ek+1 at the

end of each batch k and equation (33):

∆Uk+1 = (DTQDT +R)−1DTQek+1 (35)

Q and R are weighting parameters that can be used to filter the high frequency variations

or noise and make the control adjustment less agressive. For the nylon example considered

here, these calculations are made independently for each autoclave. This means that

quality predictions for autoclaves 2 and 3 are not considered in calculating control input

moves for autoclave 1. However, the blender has the advantage of operating like filter for

high frequency variations, which allows one to be slightly more aggressive in controlling

the autoclaves than is typically advocated through traditional (perhaps SPC) methods.
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Plant-Wide Control Approach

As pointed out in the discussion around the product blender, the ability to generate a

uniform product quality can be improved by reducing correlations that exist across the

parallel reactors. This can be done by directly considering the conditions of the other two

autoclaves in determining the control adjustment for the current autoclave to be charged

from the evaporator. Note that the output of the current autoclave in question will be cast

into the blender only after the other two autoclaves in the parallel batch configuration are

cast. One possible way of accomplishing this is to control the blended product output,

which is predicted based on the outputs of the multi-reactor predictor discussed in the

previous section. This way, one can minimize correlations across the autoclaves as well

as reducing variations that might occur within any individual reactor.

In forming the control law for this scenario, we should consider the predicted blender

output prior to the casting of the current autoclave in question. As an example, consider

that batch k − 1 of autoclave 1 has just been completed and it is desired to calculate

control input moves for batch k. The parallel batch configuration implies that batch k−1

of autoclaves 2 and 3 will charge, in succession, into the product blender prior to batch

k of autoclave 1. Thus, by recursion of the blender model, the predicted blender output

after casting batch k − 1 of autoclave 3 is,

q̄bk,0 = α3q̄bk−1,0 + (α2 − α3)q1k−1 + (α1 − α2)q2k−1 + (1− α)q3k−1 (36)

where 0 in the subscript (k, 0) implies that none of the batches for the kth cycle have yet

been considered. Similar prediction equations can be developed for the other autoclaves.

q̄bk,1 = α3q̄bk−1,1 + (α2 − α3)q2k−1 + (α1 − α2)q3k−1 + (1− α)q1k (37)

q̄bk,2 = α3q̄bk−1,2 + (α2 − α3)q3k−1 + (α1 − α2)q1k + (1− α)q2k (38)

These prediction equations can be used to formulate the future control error for the

product blender as a function of the calculated input move for the autoclave in question,

which enters through qik,

ebk,i = αq̄bk,i−1 + (1− α)qik − qr (39)
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where, qik = qik−1 +D∆U i
k. Note that qik−1 is a quality predictions provided by the multi-

reactor predictor based either on the moving window PLS or the subspace identification.

This control error for the blender can be combined with the control error for the individual

reactor, which is developed in the same manner as in Section . In this case, we use ei to

denote the predicted control error (qik − qr) for each individual reactor (1, 2, and 3). The

error vector, which is to be minimized by the control calculation is

ek,i =




eik

ebk,i



 (40)

The desired input moves can then be calculated by using the same quadratic form of

Equation 34. Here, the performance weight, Q, can be used to weigh the importance of

controlling product quality at the autoclave level vs. that at the blender level.

Results for the Nylon Plant Example

To demonstrate the performance of the proposed plant-wide modeling and control strate-

gies, we use a fundamental model of the nylon autoclave ((Russell et al., 1998a; Russell

et al., 2000)) to simulate the autoclaves. For this study, both correlated and independent

batch-to-batch changes are considered for various model parameters. The evaporator dis-

turbance, for example, was simulated by changing the initial conditions for excess mass of

HMD and the overall water concentration of the charged salt as integrated white noises.

Figures 9 and 10 show the diamine and water disturbances, respectively, that were used

to simulate the salt variations in the control study. The 1200 points shown represent

the charges from the evaporator and correspond to 400 batches for each of the three

autoclaves.

In addition to the correlated changes brought about by the evaporator, independent

changes were introduced to the heat transfer equations and catalyst variations for each

reactor. The heat transfer variations for each reactor are shown in Figure 11 and were

designed to simulate a gradual fouling of the reactor, thus hindering the rate of heat

input to the reactor. An abrupt change in the heat transfer properties of autoclave 2
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was also included to introduce a disturbance that was exclusive to one reactor. Catalyst

variations were also considered for each reactor and were introduced as a pre-multiplier to

the polymerization reaction rate constant. These autoclave-independent type variations

are shown for each autoclave in Figure 12.

Prediction models of the various forms were developed based on 200 batch history of the

three autoclaves using new but statistically similar disturbances in initial diamine, initial

water concentration, heat transfer coefficients, and a catalyst factor. Then, the control

study was performed with the disturbances shown in Figures 9-12. The open loop quality

predictions in the presence of these disturbances are displayed in Figure 13 for the average

molecular weight of autoclave 1. The mean squared error (MSE) for the conventional PLS

model predictions was 0.1333, the MSE for the moving window approach was 0.0355, and

the MSE for the subspace identification approach was 0.0114. These results indicate the

benefit of including information from the parallel reactors in the plant-wide configuration.

Note that the subspace identification framework brings further benefit by including two-

batch delayed quality information from the autoclaves.

While many combinations are possible for the model and control approaches, the inde-

pendent batch-to-batch control approach was coupled only with the predictions from the

three independent PLS models around each autoclave. The plant-wide control approach

was applied with both the multi-reactor moving window PLS model and the multi-reactor

subspace ID model. The results from applying the three different control strategies are

shown in Figures 14-19. Equal weighting between molecular weight and amine ends was

applied for all formulations. For the plant-wide formulations, equal weighting was used

between the autoclave level and blender level control errors.

To quantify the performance of the control approaches, the variances of the average molec-

ular weight and amine ends were calculated for the blended outputs for each approach.

These values are summarized in table . Notice that all the control formulations offer

significant improvements over the open-loop scenario. However, there is greater than

70% improvement in the average molecular weight control for the two plant-wide control

schemes over the independent batch control approach. A smaller improvement (around
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10%) was attained for the control of the amine ends concentration.

Another indicator for the controller’s effectiveness is the covariance of the quality variables

across the bank of autoclaves. This gives an indication of the ability of the controller to

compensate for the correlation that exists among the reactors. Note that, if all the reactors

are operating in a more or less independent manner, the product blender should be able

to blend out the errors. The covariance matrix was estimated for the quality variables

across the three autoclaves using the 400 batches in the control study in the following

form 






E
{

e1k
T
e1k

}

E
{

e2k
T
e1k

}

E
{

e3k
T
e1k

}

E
{

e1k
T
e2k

}

E
{

e2k
T
e2k

}

E
{

e3k
T
e2k

}

E
{

e1k
T
e3k

}

E
{

e2k
T
e3k

}

E
{

e3k
T
e3k

}








(41)

where ei represents the control error in the quality variables for the ith autoclave. Table 2

shows the estimated covariance matrix for the average molecular weight across the three

autoclaves for the open-loop and various control cases. Notice that the proposed plant-

wide control approaches result in off-diagonal elements of significantly smaller magnitudes,

indicating less correlated errors across the different reactors as well as reduced variances

for the individual reactors. This ability to compensate for the correlation in the product

quality for the different reactors allows the blender to operate effectively, as shown in

Table

Summary

In this paper, a plant-wide batch control problem was considered for production of nylon

6,6. The advantage of modeling correlation among the operating units was investigated

and it was shown that models that account for this correlation can lead to better quality

uniformity by allowing for both improved quality predictions and control decisions. It was

shown that the statistical modeling techniques of PLS and subspace identification can

be adapted to build models for the proposed plant-wide control approach. The resulting

models allow for information to be shared among the operating units for improved quality
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prediction performance. The subspace identification also offers a further benefit of being

able to capture any correlation along the batch sequence index. This ability enables a

direct inclusion of previous batch information, such as delayed quality measurements, into

the estimator design for improved prediction performance. While the plant-wide approach

was developed with application to the nylon 6,6 plant in mind, it is expected that other

batch plants with parallel/series configurations sharing common feed, utility, or other

disturbance sources could benefit from a similar approach.
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Method Blended MW Variance Blended AE Variance

Open Loop 0.3998 0.4712

Conventional PLS 0.022 0.1342

Plant-Wide PLS 0.0058 0.1101

Subspace ID 0.0063 0.1200

Table 1: Total Variance for Blended Output
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Method Molecular Weight Covariance

Open-Loop








0.509 −1.295 −0.022

−1.295 5.119 0.188

−0.022 0.188 0.285








Conventional PLS








0.066 −0.004 0.003

−0.004 0.211 0.001

0.003 0.001 0.038








Plant-Wide PLS








0.046 −0.001 0.002

−0.001 0.075 −0.004

0.002 −0.004 0.013








Subspace








0.051 0.000 0.005

0.000 0.088 −0.001

0.005 −0.001 0.010








Table 2: Estimated covariance of average molecular weight across the autoclave bank
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Figure 1: Schematic diagram of a typical nylon autoclave
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Figure 4: Description of three autoclave cycles: Solid circles indicate the start of each

batch, tick marks indicate the time points within the batch when another autoclave is

starting, the dark solid lines indicate the window of measurements that will be used for

prediction of the quality variables (the open circles)
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Figure 6: Blended product quality when no correlation exists through the parallel auto-

claves.
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Figure 7: Blended product quality with a moderate level of correlation across the parallel

autoclaves.

37



0 10 20 30 40 50 60 70 80 90 100
−10

0

10

R
ea

ct
or

 1

0 10 20 30 40 50 60 70 80 90 100
−10

0

10

R
ea

ct
or

 2

0 10 20 30 40 50 60 70 80 90 100
−10

0

10

R
ea

ct
or

 3

0 10 20 30 40 50 60
−5

0

5

B
le

nd
er

Unit #

Figure 8: Blended product quality with a strong level of correlation across the parallel

autoclaves.
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Figure 9: Excess diamine disturbances in in salt charge from the evaporator
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Figure 10: Initial water concentration disturbances in salt charge from the evaporator
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Figure 11: Heat transfer parameter multiplier for the three autoclaves to simulate reactor

fouling
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Figure 12: Polymerization reaction rate pre-multiplier to simulate kinetic variations for

the three different autoclaves
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Figure 13: Average molecular weight predictions from the three modeling methods with

open loop data from autoclave 1
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Figure 14: Results of independent batch control using the independent PLS modeling

approach for each reactor

44



0 200 400 600 800 1000 1200
39

39.5

40

40.5

41

M
W

 in
de

x

0 200 400 600 800 1000 1200
54

55

56

57

58

59

60

A
m

in
e 

E
nd

s

Blended Batch #

Figure 15: Blended product quality resulting from the independent batch control approach

based on independent PLS models
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Figure 16: Control results for each autoclave from the plant-wide control formulation with

the moving window PLS model
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Figure 17: Blended product quality resulting from the plant-wide control formulation

with the moving window PLS model

47



0 100 200 300 400
38

40

42

44

M
W

 A
ut

oc
la

ve
 #

1

0 100 200 300 400
54

55

56

57

58

A
E

 A
ut

oc
la

ve
 #

1

0 100 200 300 400
38

40

42

44
M

W
 A

ut
oc

la
ve

 #
2

0 100 200 300 400
50

55

60

65

A
E

 A
ut

oc
la

ve
 #

2

0 100 200 300 400
39

39.5

40

40.5

M
W

 A
ut

oc
la

ve
 #

3

Batch #
0 100 200 300 400

54

56

58

60

A
E

 A
ut

oc
la

ve
 #

3

Batch #

Figure 18: Control results for each autoclave from the plant-wide control formulation with

the model from the subspace identification framework
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Figure 19: Blended product quality resulting from the plant-wide control formulation

with the model from the subspace identification framework
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