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1. Introduction

ABSTRACT

In the competitive market, process monitoring can ensure the quality of
products, but strong nonlinearities, slow dynamics, and uncertainties
characterize the complexities of the large-scale chemical plant. When the
fault occurs, it will not influence the process instantaneously but will react
after a few time points. After all the products affected by the faults are
inspected, it is too late to fix the process. Conventional approaches neither
do nor care about early detection before any disturbance significantly affects
the process. To estimate disturbances propagated through the process, a
multi-step prediction model is essential. The purpose of early process
monitoring is to detect any problem with the currently running process as
early as possible. In this paper, a multi-step prediction system is proposed.
The system is a dynamic model that can capture the dynamic relationship
of past process input variables and future process output variables. It
provides a lower dimension and a lower noise-contaminated space for data
analysis. Particularly, the past input and output process data can be mapped
from the observation space into the latent space to acquire their intrinsic
properties. The latent variables preserve the dynamic information for future
multi-step prediction so that early warning can be achieved. An industrial
example of the PVC dying process is presented to show the multistep
predictive ability of the proposed method.

This is an open access article under the CC-BY-SA license.

Statistical process monitoring methods are necessary for effective monitoring of the production status

of a process plant to keep quality consistency and operation safety. However, the nonlinearity, process
dynamics, and process uncertainties in chemical processes make online monitoring challenging. Due to
the complexity in large processes, the process model based on first-principle knowledge is very difficult
to be obtained. In contrast, the data-driven models which is able to perform well in process modeling
without any precise physical knowledge of the process attracts a lot of attention from the industry.
Dynamic partial least squares (DPLS) [1] and dynamic inner PLS [2] were developed to describe the
dynamic properties of processes, but both of them cannot handle the nonlinear behavior of the systems.
To handle nonlinear dynamic processes, the kernel trick is used in DPLS. Its shallow structure with a
single kernel function confines the kernel-based dynamic PLS in the highly nonlinear process. Also, the
large historical data would cause a heavy computational burden. Recently, recurrent neural networks
(RNNs) [3], [4] and long-short term memory (LSTM) [5]—[7] are widely used as soft-sensor models
because of their ability to represent the nonlinear dynamic feature. To keep a lower dimension and a
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lower noise-contaminated space while constructing dynamic models, integrate LSTM or RNN with
latent variable models. The Gaussian-Bernoulli restricted Boltzmann machine [8] and an ensemble
model that integrates the stacked autoencoder and bi-directional LSTM were developed [9]. Although
the aforementioned methods can learn the dynamic properties of processes, they are only used to estimate
and monitor the data at the current time point only, not at the future multi-step time points, so the
monitoring models neither do nor care about early detection before any disturbance significantly affects
the process. To our best knowledge, the performance of their applications on early warning monitoring
has rarely been researched.

To realize a model which detects the influence of faults at the early time, a multistep prediction
model which can describe the temporal properties of the process as well as predict the future trend
properties of the process is required. At present, approaches to multistep prediction are mainly developed
under some fundamental multistep prediction strategies [10]. In the iterative and direct strategy,
nonlinear autoregressive with exogenous input (NARX) was proposed [11]. With a one-step-ahead
NARX developed to predict the output in the next time point, the forecasted values at the future time
point are used subsequently and recursively as inputs for predictions at future time points until the entire
prediction horizon is forecasted. The drawback of NARX with the iterative strategy may yield the
accumulation of errors and the dimension of data would increase with the expansion of the window size.
This certainly increases the computation loading and makes the performance of the model affected by
the redundancy of variables and the noise of data to a certain extent. To eliminate the impact of correlated
variables and noise, the model in the latent feature space instead of the observation space is highly
attractive. The optimally pruned extreme learning model (OP-ELM) with the direct strategy [12]—[14]
was proposed to perform the multi-step prediction. It is a multi-model approach. The number of one-
step-ahead prediction models depends on the number of prediction horizons. And the prediction of each
model in each horizon is independent of the others. The direct strategy can prevent the problem of error
accumulation, but it would induce conditional independence of the prediction. Like ELM, OP-ELM
has a fast computation speed, but it is considered a shallow model, so it may not be able to describe the
complicated industrial process.

To describe the complex dynamic behavior of processes, RNN and LSTM are widely used to develop
multi-step prediction tasks in different fields such as multi-step prediction for cutterhead torque [15],
travel time prediction [16] etc. Also, transductive LSTM for time series prediction is applied to weather
forecasting [17]. The LSTM autoencoder neural network (LSTMED) [18], [19], which is a task-
oriented method for uneven dynamic process monitoring model, was developed in an unsupervised
manner to solve the problem of insufficient faulty data [20]. Particularly, the approach which can
expertise the important input information is conducted into the modeling of multistep methods. The
denoising spatial-temporal encoder-decoder (DSTED) [21] which integrated denoising gated recurrent
unit (DGRU) [22], [23] and sequence-to-sequence spatial-temporal encoder-decoder network was
proposed to predict the burn-through point of ore sintering process. The LSTM-temporal convolutional
network, which is a temporal emphasized model, is proposed in [24] to predict the photovoltaic power
multistep ahead to control the intermittency of solar energy. Hybrid methods, such as WT-ED-LSTM,
which consists of wavelet transformation, encoding-decoding based on LSTM and prediction LSTM
with attention mechanism, and VMD-LSTM, which integrated variation mode decomposition (VMD)
[25], [26], attention-L.STM [27], and support vector regression (SVR) [28], [29], were proposed for
coal price forecast [30]. Although the aforementioned method looks promising in multistep prediction,
but there were developed as deterministic models; thus, they cannot demonstrate the uncertain nature
in reality.

Most predictive models developed in the past were focused on predicting the data at the current
time. When any disturbances occur, the disturbance would propagate through the entire process before
the qualities are significantly affected. After all the products are inspected, it is too late to fix the process.
If the abnormal occurrence, which does not significantly influence the process at the beginning, can still
be detected as early as possible, the operators can compensate for the disturbance before the quality
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significantly deviates from the desired specification. In this paper, a multi-step prediction system is
proposed. The multi-step prediction system is a dynamic model and it is called the Multi-NSSM, which
is short for Multi-Step Nonlinear State Space Model. Multi-NSSM captures the dynamic relationship
of manipulated, process input variables and process output variables. Multi-NSSM integrates the
encoder-decoder and the probability state-space model to efficiently extract the latent features for future
process output probability estimation at multi-ahead time points. Specifically, a multi-step prediction
system provides a lower dimension and a lower noise-contaminated space for data analysis. The past
input and the past output process data can be mapped from the observation space into the latent space
to acquire the intrinsic properties. They preserve the dynamic information for future multi-step
predictions so that early warning can be achieved. In contrast to one-step-ahead prediction learning
scheme, the multi-step ahead prediction learning scheme makes sure that the prediction result within
the prediction horizon is good on average. Thus, multi-step ahead prediction can reject the effect of the
noisy data and stabilize the probability estimation of the future data.

2. Method

In a typical operation, there are 4 main types of variables: manipulated variables, process input
variables, process output variables, and quality variables. Manipulated variables are the ones that maintain
some of the process output variables in the desired condition, like the control valve openings while
process input variables are any variables which are not adjustable, like the upstream flows, heating steams,
and the other source inputs to the process, but they cause the changes of process output variables. The
set of time-series data of both manipulated and process input variables are symbolized by

U={u, el r=1,--T
{ ! } here. To make simple, compact explanations, only process input variables

representing both manipulated and process input variables are discussed as follows. Process output
variables refer to the variables that reflect the process operating status such as temperatures, pressures,

X=ix, el " =1--T
etc. of the process; it is symbolized by { < } In the large-scale system, process

output variables cannot be completely and immediately aftected by the changes of the manipulated or
process input variables due to the slow dynamic behaviors of the operating system. Thus, there is a

dynamic relationship between U (the process input variables) and X (the process output variables).

The dynamic behaviors of process input variables (M) and process output variables ( X1) can be
represented by a stochastic nonlinear state-space model. They are written as.

z; = fy(u, dy) + m,
Zip1 = f(Ze) + €
Xer1 = Gx(Zer) + Mgy (D

where z, represents the state-space variables extracted from process input variables and unmeasured
disturbances (d,). Meanwhile, z, also represents the latent variable (LV) of the process model. f, is
the vector mapping function that describes the observation variables (u,) from the observation space

into the latent space to acquire the inherent properties of the process. As the nonlinear dynamic process
is depicted in the latent space, f, , which is a step-ahead prediction vector function, predicts the dynamic

nonlinear behavior of the process in the next time step. With the corresponding step-ahead predicted
latent variables (z,,,), g, is the unknown vector mapping functions that reconstruct the observations

of the originally predicted process variable. € and m, are the process noise associated with dynamic
changes in latent variables while n, represents the observation noise of the process data. All noises
assume to follow zero-mean Gaussian distributions, p(m,)~N(0,I), p(g)~N(0,I) and

p(n,)~N(0,I'), where the covariance matrices of € and m, are assumed to be identity matrices.
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To predict the future trend of the process output variables, the dynamic transition in (1) for one-
time point to the future time points should be rewritten as :

Zp, = fu(Up¢, Dpy)
Zp, = fz(Zpe)

Zp, = x(Zrt) 2

ij = |:Zt’Zt—l [ "Zt—rp :|

. . . T, . .
where is the state-space variables from the current and previous 7 time points
Z = |:Z y A eee 7 :|
. F, [ERSE R R . T, . . ..
while men "1 denotes the state variables of the future ~/ time points. The definitions
U, D X L Z .
of "%, 7% 'and % are similar to those of ~ % and .” /., but they are not detailed here. As the

disturbances are unmeasurable, their information would be inherited by the past measured process

fu(U,.D, fo(U,.X,) fo(U,.X,)

outputs, so ’) can be replaced by . Thus, is a dynamic vector
mapping function that maps process input variables and process output variables from the observation

£2(2,,)

space into the latent space to extract the dynamic characteristics of the data. Z( P/ is the multi-step

prediction vector function that predicts the long-term future trend of the state in the latent space based

on ~ /. With the predicted latent variables in the future time points, the corresponding long-term
. (XF ) . . &x (ZF )

future process output variables * "/ can be reconstructed by the vector mapping functions, '

. With noise probability distributions, the probability distributions of the state-space model in (2) can
be further rewritten in a conditional probability form.

p(Zp,| UPf,XPf)NN(fU (UPt)' I)
b (ZFt | Zpt) ~N(fz (Zpt)» l)

p(thlet)~N(gx(ZFt)» F) 3)

p(Z 2, ) in (3) describes the state estimation transition of the latent variables from the current
and previous time points to the future time points. p(Z L, ) is referred to as estimation transition
t t

distribution and p(XF |Z,. ) is known as emission distribution for reconstructing the future process
1 t

output variables. To acquire this multi-step prediction state-space model, the functions and the

parameters { Fo (D). 120,85 (D),F} in (3) should be estimated by maximizing the conditional log-

likelihood function of the future process output variables given process input variables. The modeling
scheme will be detailed below.

To have the model predict the future process outputs by the past process inputs and outputs, the
goal of the modeling scheme is set to maximize the probability likelihood of the future process output
estimates conditioned on the past process inputs and outputs within the window sequential data. The
maximum probability is defined as

maxin [T, po(Xp,| Up, Xp,) O
The probability likelihood of the whole sequence with 7 samples can be represented by multiplying

-7 - X, =X, ,X,_, ., X
the probability likelihood of the window data I-1 3 f SN '
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UE :|:ul—rp ’ut—rp+lﬂ""ut:| XF, :|:XH1,XH2,---,X
M

t :| T, .
and "1 where "/ refers to the multi-step

i . g T . .
prediction horizon while "7 represents the length of the window data with the past measurements.
Henceforth, for easy and compact expression, only time ! window sequential data as (4) is tentatively
considered in the following derivations. Time series process show as Fig. 1.

. (Left) «'»(Right)
Collected manipulated, | ( X
} F Collected process
process input and output data Overlapping window data | tput dat
P[{ 5 Historical future sets oufput Cata
% (ie. L=10) | Y
4
o
e ol & | | \ | | =
I 4
= o [ - - =
Uy, o Xy, EX 2 Z aoc L, 1 | X 11+rf—1 e, X, cR™
Rearrange , I
. ¢ | Z ‘ Z, | ‘ Z | L, ‘ | | Xy | | | xl"ffl : Lty |
Overlapping : |
window data R
|
| I, -, |1T"J";‘l| e | 2 -1 | T-t5 | | | X 74l | “"rf"’l | X, | X |
| |
|
U.X |
U X ZE _ﬂf(llﬁ”xﬁ)
W:T—rf—rp" 171, I

Fig. 1. Time-series process input and output data are mapped from the observation space into the latent space.
Then rearrange the time-series latent variables (the left side) and the future time-series process outputs
(the right side) into 2-dimensional window data

In large-scale processes, climate and environmental changes and the various types of sensor errors
cannot be avoided, so there are uncertain measurement data. To have a robust model, the proposed
method is used to establish a multistep predictive model that can predict the long-term trend of the
process outputs at the future time points in the latent space. The latent features (Z) can be obtained

through mapping T -7, —7, overlapping windows with the process input and output data (U, X) into
the latent variables Z={Z,};t=1,--,T—7, —7, (left side of Fig. 1). The historical future process

outputs are rearranged into 2-dimensional window data, (right side of Fig. 1). The window data are
assigned as the target to train the model, which has a future prediction ability.

To obtain the inner behaviors of the processes, measurement data can be mapped from the
observation space into the latent space. Assume process output variables are the function of latent
variables. The conditional probability distribution can be expressed as

PB(XFJUPVXPJ = HP(XFJZFJ p(ZFtlth)p(ZPtlupt:XPt) dZFtdZPt ©)
po(Zru.Lp,|Up,Xp,)

With Bayes and Jensen equality, In p, ( X U, X, ) can be further rearranged into the variational

lower bound, written as

L(XFt|UPt’ Xpt) = E%(ZFtIZPt) [In pg (XFtlet) (6)
|P9 (ZFJZPJ)]

—KL(40(Zp,Up, Xp)! [Po(Ze,|Up,. X5,))

~Eqy@p,10p,xp ) [KL (% (Zr|2s,)
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The whole Multi-NSSM model structure is presented in Fig. 2 and it contains three parts of the
models, including the posterior distribution model (q¢ (Zf; U, ,XP/) and p, (ZB U, ’XF:))’ the

sequence-to-sequence encoder-decoder network (q¢(Z 0| Z P{) and p, (Z o Z 3)), and the

reconstructed decoder network ( p, (XF |Z, )) The description of each part in the variational lower

bound is presented in the subsections below.

Seq-lo-seq encader decoder network (posterior)

s

q,(Z

0
&~

=
—_— —

~N

=

i@

n} E@ ,3, (Zs)
P2 124)

| J
|

Seqg-to-seq encoder decoder network (prior)

Fig. 2. Structure of Multi-NSSM model

2.1. Posterior distribution model (q¢(ZP’ |UF;’XE) and pg(ZB U, X, ))

Before going through the multi-step ahead predictions in the latent space, the main task is to extract
the dynamic latent features at the current and past time points. The inference posterior distribution

q(Z » 1 Up. X, ) and the true posterior distribution p(Z » 1 Up. X, ) are used to map the process input

variables from the observation space into the latent space to obtain the inherent process latent behaviors.
Due to the slow dynamic behaviors in the large-scale process, the state of the process will be affected by
sequential information, shown as

h, = A(“t—rp:t»xt—rp:t) (7
also can be denoted as

h, = AChy_q, v, xp) ®)
represents the forward RNN transition while. (10) demonstrates the backward RNN.

h, = A(Bt+1'ut—’[p:tﬂxt—‘[p:t) ©)

The bi-directional recurrent neural network (Bi-RNN) is used to map the observation process input
variables into the RNN hidden cell state h . The forward RNN learns the dynamic transition information
of sequential data from #—1 to ¢ while the backward RNN captures the dynamic properties from ¢ to
t—1 to enhance the information of the latent features. The initial states of the backward RNN can be
obtained via the final hidden state of the forward RNN; on the contrary, the initial states of the forward
RNN can be obtained from the final hidden state of the backward RNN. One of the advantages of using
Bi-RNN is smoothening the initial state of the model; thus, model precision increases and model
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overfitting is prevented. The Bi-RNN structure of p(ZE |U13’XP,) is almost the same as

q(ZP/ |UP,’XE)' The only difference is that q(ZE |UE’XE) is changed to p(ZP/ |UP,’XP,)'

To obtain the latent feature Z,, Kalman smoother is used to transform the hidden state from Bi-
RNN into the latent space to form the posterior distributions q(Z » UL X, ) and p(Z » 10X, )
. Then the similarity of the distributions between q(ZB U, X, ) and p(Ze U, X, ) in the third
term of the right side of(6) can be calculated by the KL divergence.

KL(4g(Zp,Up, Xp,)| |6 (Zr, |Up, Xp,)) (10)

2.2. Sequence-to-sequence encoder decoder network (g, (ZE |Z, ) and p, (ZE |Z, ) )

After the latent feature Z , is obtained, the multistep transition posterior distribution ¢ (Z | Zy )

and the multi-step transition prior distribution p(Z w2y ) can be estimated through a sequence-to-
sequence encoder-decoder network. In the sequence-to-sequence network, the encoder mainly captures
the dynamic characteristics of Z, , which denote the hidden cell states (th ,---,hH,ht), while the
decoder predicts the dynamic characteristics of Z,, which denote the hidden cell states
(hm soosh ) , but the final hidden cell states (h, ) of the encoder will be used as the initial states

of the decoder. The hidden cell states presented in the sequence-to-sequence encoder decoder network
are different from those mentioned in posterior distribution models. To reduce notation usage, the same
notations are used.

Although the entire historical time series data in the training phase are available, the future outputs
will never be known during the online implementation. If the future latent features are used as the input

of the decoder in training, the predicted latent features {Z f}; f=t+1:t+7, will only focus on getting

the information that allows the predicted process outputs to be as close to the actual process outputs as
possible. In the conventional iterative mechanism, the predicted latent features do not learn the dynamic
transition. This can lead to an accumulation of errors during online execution. Since the future latent
feature Z 5 s unknown, the available future latent features from time ¢ to #+7, —1 are not used as

the input of the decoder. To be closer to the actual situation, the inputs of the decoder (Z, ) are
obtained in an iterative manner. In each window data, only the latent features (Z,) from the time point

t—17, tll ¢ are available for multi-step ahead predictions.

Zt = [Zt_rp, Zt_Tp+1' ...,Zt] ELXV (1 1)

where V' represents the number of latent variables. This means that the inputs of the decoder
are obtained from the previously estimated latent features iteratively. This training idea can
effectively avoid the accumulation of errors within the prediction horizon.

Two sequence-to-sequence encoder-decoder networks for distributions of q(Z Y/ E) and
p(ZF, |ZP,) are separately constructed. Then the similarity of z, time-step ahead transition
distributions between q(Z Y/ ,,/) and p(Z Y/ P’) in the second term of the right side of (6)
can be calculated by the KL divergence,
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KL(q(Z|Zp,)| |P(ZFt|ZP)) (12)

2.3. Reconstructed decoder network ( p, ( X, |Z, ) )

With the latent samples Z,. of the future transition posterior distribution, the reconstructed process

output (X,) can be estimated through the emission network which follows the form of the Gaussian

distribution. The reconstructed process output in the variational lower bound can be calculated by
Eqozrizep[In 0 (Xr|Zs)] = (13)
1 1 1
38 [ =5 (X — [ EE)) 5 (ZE) (X, — 0e(Z5)) = 3134 (Z5)] — mu]

where Zj. is the s-th sampling point drawn from the smoothed posterior q(Z 5L, ) .

3. Results and Discussion

The early warning system is mainly decided by designing a fault detection index. For every product,
the specification threshold boundary can be designed. The predefined threshold boundary can be used
to test whether the multistep-ahead predictions are constrained in the bound of the process trend
defined by the normal region. If the multistep-ahead predictions are located out of bound, the process
will be operated in an unhealthy condition.

A real ammonia synthesis process is used to evaluate the effectiveness of the proposed method. NH3
is widely used as a crucial ingredient in many productions, so the ammonia synthesis process is very
common in reality. In the ammonia synthesis process, the pre-decarburization unit plays an important
role in absorbing the carbon dioxide (COz2) from the process gas (PG) to reduce the concentration of
CO2 and make it eligible for subsequent production. The absorbed CO2 can be used for further
production. The flowsheet of the pre-decarburization unit is presented in Fig. 3.

20

15 17 19 1
. @ @ Process Gas
JoR |

16 @ ‘ b Heat Exchanger —‘
‘ >

e ®
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2 e
[ : Feed

6

Jary
[y

15-P001A Natmal Gas
i m@ 2
15-P001B @ .
¢ D[ ]14 —————  Process NG Pipe
Rich Amine ——— Amine Liquor Pipe

Liquor Instrument Line

Fig. 3. Flowsheet of the pre-decarburization unit
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.
The pre-decarburization unit consists of 4 major devices, including a feed gas separator, a PG
separator, a heat exchanger, and an absorption column. The absorption of CO2 mainly occurs in the
absorption column, and the chemical reactions are given by:

RNH, + €O, —» RNH*C00~ (14)

RNH, + RNH*C00~ - RNHCOO + RNH3 (15)

From the perspective of the ammonia synthesis process, its main core absorbs CO2 to make CO2
qualified for subsequent production and reduce the operation risk. Nevertheless, the uncertainty of
disturbances such as environmental changes, variation of upstream and the degradations of devices will
significantly affect the productivity and safety of the process. To reduce the impact of the disturbances
on the concentration of CO2, a multistep ahead prediction model is highly required to demonstrate the
influences of current disturbances in the ammonia synthesis process. Therefore, the ammonia synthesis
process is chosen to verify the multi-step prediction ability of the proposed method. 19 crucial process

variables, including the manipulated process input variables (V) and the process output variables (X),
are used to construct the multi-step ahead prediction model. The descriptions of the selected variables
are listed in Table 1.

Table 1. Description of the selected variables

Num. Description Variables
1 Feed Gas Flow Rate U
2 Feed Gas Separator Liquid Level U
3 Feed Gas Separator Pressure Diff. U
4 Feed Gas Pressure U
5 Feed Gas Temperature U
6 PG Separator Liquid Level U
7 PG Separator Pressure Difference U
8 Pressure Control in PG Separator U
9 PG Temperature in Absorption Column U
10 Adsorption Column #1 Liquid Level U
11 PG Pressure in Absorption Column U
12 Adsorption Column #2 Liquid Level U
13 Middle Absorption Column Temperature U
14 Adsorption Column #3 Liquid Level U
15 PG Pressure at the Top of Absorption Column U
16 Liquid Ammonia Temperature in Absorption Column U
17 PG Temperature at the Top of Absorption Column U
18 Regenerator Liquid Level U
19 PG Temperature in PG Separator X

The process variables are collected by on-line sensors, so 2,100 samples, including normal and
abnormal samples, are extracted from the DCS database of a real ammonia synthesis process. Fig. 4 (a)
shows the behavior of the process variables. The occurrence of fault disturbance can be inferred from the
feed gas flow rate (Fig. 4 (b)). The fault disturbances occur at time points 677 and 1,895, respectively.
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Fig. 4. The behavior of the (a) process variables and (b) the feed gas flow rate (PV1)

Fig. 5 shows the behavior of the collected process output variable. In Fig. 5, the red horizon dashed
line represents the desired specification of PG temperature in PG separator while both black horizontal
dashed lines are the upper and lower bounds that define the normal condition. Because of the large scale
and slow dynamic transition nature of the ammonia synthesis process, the visualization of the impact of
faults on process outputs emerges at time point 780 and 1,951 although the faults occur at time points
677 and 1,895. The sample points of 780-1,350 and 1951-2,070 are significantly out of specification. As
the testing data start from the 1800th time point, the purpose of multi-step prediction is to observe the
impact of faults on quality variables in advance (before 1,951 time points).
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Fig. 5. The behavior of collected process output (the industrial case)

To realize early warning, both normal and abnormal situations must be included in the training set
for the model to learn the process properties. About 1,800 process samples are used to arrange training
and validation window data. Among the training and validation window dataset, 1,586 window data are
used as a training dataset while 200 window data are used as a validation dataset. The rest of the data are
used to form the testing window dataset to access the performance of the multi-step prediction model.
The network structure of Multi-NSSM is designed as follows:

e The forward-backward RNN consists of only 1 layer with 5 neurons.
q@ (ZPt |UPt' XPt)’ p@ (ZPt- |UPt’ XPt))

e The sequence-to-sequence RNN encoder-decoder network consists of only 1 layer with 5 neurons.

(40(Zr|25,). 6 (2r,125,))
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Each DNN consists of 3 fully connected layers and each layer has 5 neurons. A hyperbolic tangent is
used as the activation function for each layer. ( Dy (X 0Ly ))

The initial cell state of the RNN network in the prediction network is assumed to start from zero.
The window size of the data is 10 and the prediction horizon is set to be 5. The optimizer for Multi-
NSSM is the Adam optimizer with a learning rate of 0.001 in TensorFlow. Cross validation and early
stopping are used to prevent model overfitting.

To show the multi-step predictive ability of the proposed Multi-NSSM, multi-step RNNs with
multi-input-multi-output (MIMO), iterative (Iter) and direct (Direc) strategies are included for
comparisons (Table 2). To quantitatively assess the prediction performance, the R? performance index
is considered using noise-free testing data. The R? formulations are given as:

N S
RZ =1-— SSres __ 1— Yn=1(xn—%n (16)

SStot - er\;’=1(xn_x7)2
where x, is noise-free process output, X, is the reconstructed process output of the model, and N

is the total number of testing data. If the predicted values are close to the noise-free process output data,
the R? would approximate 1; otherwise, the R? score would be away from 1. Hence, the R? of the
comparison models are shown in Table 2.

Table 2. The R* of the first five-step ahead predictions in Multi-RNN-MIMO, Multi-RNN-Iter, Multi-
RNN-Direc and Multi-NSSM models

R’ Step 1 Step 2 Step 3 Step 4 Step 5
Multi-RNN (MIMO) 0.86 0.856 0.852 0.85 0.847
Multi-RNN (Iter) 0.98 0.93 0.82 0.73 0.66
Multi-RNN (Direc) 0.94 0.98 0.92 0.95 0.88
Multi-NSSM 0.997 0.995 0.995 0.994 0.993

The comparison results in Table 2 show that the R2 of Multi-NSSM are closer to 1 than those of
Multi-RNNs. With either the prediction of the first step or the fifth step applied to the testing data,
Multi-NSSM  predicts better than Multi-RNNs because the process is usually contaminated with
uncertain noise. RNN, which is a deterministic model, cannot describe the uncertainty of the process
while Multi-NSSM, which is a probability model, can well describe the process uncertainty. The
deterministic model can be seen as a special case of a probabilistic model because it describes only one
condition in the distribution. On the other hand, if the same process input variable and hidden state
variables are inputted to the RNN model, RNN will always obtain the same output. Nevertheless, the
condition of the process is susceptible to uncertainties in reality, such as environmental changes, variation
in flow rates, etc. Based on the influence of uncertainties, the output of the process will not always be
the same. Thus, using distribution to describe the output of the process is more reasonable and this is
the benefit of constructing a probabilistic model. After the multistep prediction model (Multi-NSSM)
is completely trained, the multistep prediction system on the process output is ready to perform early

warning. The multistep predicted process output data from Multi-NSSM in the 1st step are shown on
Fig. 6(a).
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Fig. 6. The 1-step predictions of process variables of (a) the Multi-NSSM and (b) the zoomed part of the dark
purple box in (a)

Because of the slow dynamic transition nature of the large-scale process, the occurrence of the fault
often does not have an instantaneous effect on the process outputs. The proposed multistep prediction
system can identify the influence of the fault in advance through the multistep predictions, thereby
accomplishing accurate monitoring result and even early warning. As mentioned previously, the fault
occurs at 1,890th time point and the impact on the process output can only be observed at the 1,951th
time point. In Fig. 6, the 1st step prediction detects the fault at the 1,950th time point. Moreover, the
5-step ahead prediction of process variable at the 1900th time point is shown in Fig. 7(a). As the
contribution of the disturbance are too small to affect the process and slow dynamic transition of the
process, the disturbances gradually propagate to influence the process instead of affecting the process
immediately. Although the 1-step prediction of the process output at 1,949th time point (Fig. 6 (b))
and the first prediction in the 5-step ahead prediction 1,949th time point (Fig. 7 (b)) maintains in the
normal operating condition, the predicted future process outputs slowly deviate from the normal region.
The growth of the previous fault disturbance has given an impact on the process.

As for the 1-step prediction at 1,950th time point (Fig. 6 (b)) and the first prediction in the 5-step
ahead prediction at 1,950th time point (Fig. 7 (c)) indicates that the process is totally influenced by the
fault disturbance. Thus, the multi-step predictions from the 1,950th time point onwards deviate from
the normal region.
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4. Conclusion

Because of the large scale and slow dynamic transition of chemical processes, the occurrence of fault
disturbance may not influence the process instantaneously until a few time points later as the disturbance
must propagate through the process. The impact of fault disturbances cannot be determined by
measuring or predicting the process outputs at the current time. It will be too late to be detected after
all the products are inspected. The fault disturbances already have given a huge impact on process safety
and profits. Therefore, a multistep ahead prediction model is essential for estimating the impact of
disturbances by predicting the future trend of the process outputs. Moreover, there are usually uncertain
disturbances in chemical processes. A probabilistic model is good at describing the uncertain nature.
With the aforementioned problems, the proposed method is proposed to mitigate those problems.
Multi-NSSM is constructed using the measured process input and output variables to obtain its
predictive ability for future process output predictions. With the multistep ahead prediction process
outputs from Multi-NSSM, multi-step ahead process monitoring can be done for early warning.
Meanwhile, the temperature reflection in the PVC drying process is slow and consists of process
dynamics. From the result and discussion section, it is found that the proposed Multi-NSSM can identify
the fault disturbance in advance to achieve early warning, although the fault disturbances do not
influence the process instantaneously. The comparison results in the industrial cases show that Multi-
NSSM developed as a probabilistic model can well describe the uncertainty of the process while Multi-
RNN developed as a deterministic model cannot. This can be proof by the fault detection result in Fig.
7. The proposed multi-step ahead prediction model can only describe the learned fault that happened
before. The meta-learning strategy can be used to merge with the multi-step ahead prediction model,
the information from other faults can be used to transfer knowledge to enhance the information for new
disturbances. These may be breakthrough points to solve the above problem in future research direction.
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